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Vision  and  Visual  Exploration  for  the  Stanford  Mobile  Robot 


Ernst  Triendl  and  David  J.  Kri^gman 


Artificial  Intel  1  gence  Laboratory 
Stanford  University 
Starford,  CA  94305 


ABSTRACT 

Soft  modeling,  stereo  vision,  motion  plan¬ 
ning,  uncertainty  reduction,  image  processing, 
and  locomotion  enable  the  Mobile  Autonomous 
Robot  Stanford  to  explore  a  benign  indoor  en¬ 
vironment  without  human  intervention.  Details 
of  the  first  successful  run  are  presented. 


1.  Introduction 

By  the  end  of  1980  the  Mobile  Autonomous  Robot 
Stanford  (MARS)  or  Mobi  was  able  to  move  relatively 
freely  under  its  own  guidance  inside  our  laboratory  build¬ 
ing- 

The  rational  behind  tile  vision  and  motion  planning 
system  is  to: 

1.  be  fast  enough  to  allow  perceptible  movement ,  and 
even  fast  motion  when  special  hardware  is  added  in 
some  distant  future 

2.  to  understand  enough  about  a  benign  indoors  envi 
ronment  to  move  about  and  recognize  the  more  im¬ 
portant  elements  of  a  building. 

3.  to  move  under  its  own  guidance,  exploring  rooms 
without  human  intervention. 

These  goals  are  achieved  by  a  combination  of  model¬ 
ing  and  vision.  Modeling  tells  us  that  buildings  have  walls, 
doors,  floors  and  windows  that,  obey  certain  relations  to 
each  other  and  the  vehicle.  The  vision  system  determines 

Support  for  this  work  was  provided  by  the  Air  Force  Office  of  Scien¬ 
tific  Research  under  contract  F33G1 5-85-C-510G,  Image  t  nderstand- 
ing  contract  N00039-84-C-021 1  and  Autonomous  Land  Vehicle  con¬ 
tract  AIDS-  1085S- 1.  David  Kriegnian  was  supported  by  a  fellowship 
from  the  Fannie  and  John  Hertz  Foundation. 


the  regions  of  free  space  and  location  of  obstacles.  The 
motion  planning  system  generates  moves  that  are  likely 
to  increase  the  knowledge  about  free  space  so  that  further 
moves  will  be  possible. 

The  examples  in  this  paper  are  from  the  first  con¬ 
vincingly  successful  run  on  Friday,  October  18,  1980.  Left 
to  its  own  devices  Mobi  moved  down  the  hallway,  made  a 
tour  of  the  lobby  and  came  back  into  the  hallway,  traveling 
a  total  distance  of  35  meters. 

We  will  now  describe  the  robot,  the  model  and  its 
implication  for  vision,  the  vision  system,  free  space  and 
motion  planning  with  uncertainty  propagation  and  finally 
show  details  of  Mobi’s  excursion. 

2.  The  Robot 

The  vision,  modeling  and  navigation  system  de¬ 
scribed  in  this  paper  was  implemented  on  an  omnidirec¬ 
tional  vehicle.  Mobi  [fig  1]  is  propelled  by  three  wheels 
that  are  mounted  on  the  edges  of  an  equilateral  triangle. 
Fach  wheel  has  passive  rollers  along  its  chord,  permitting 
the  wheel  to  move  sideways  while  being  driven.  This  al¬ 
lows  simultaneous  rotation  and  translation  over  relatively 
smooth  terrain.  A  motor  drives  each  wheel  and  a  shaft 
encoder  counts  the  number  of  rotations.  The  counts  are 
mapped  through  kinematics  of  the  vehicle  and  integrated 
to  determine  the  change  in  the  robot’s  position. 

This  robot  has  four  sensing  modalities:  vision,  acous¬ 
tics,  tactile  and  odometry.  The  stereo  vision  system  uses 
two  cameras  mounted  on  a  pan /tilt  head  to  learn  the  de¬ 
tails  of  its  environment  The  acoustic  system  is  composed 
of  twelve  polaroid  sensors  equally  spaced  around  the  cir 
cutnference  of  the  robot.  These  sensors  return  a  distance 
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1'igvrr  I.  MARS  aka  Mobi 

that  is  proportional  to  the  time  of  flight  of  (lie  echo  of 
an  acoustic  chirp  which  the  sensor  emits.  Essentially,  t lie 
sensor  finds  the  distance  to  the  nearest  object  within  a 
.'!()°  cone.  This  information  can  either  be  integrated  into  a 
map  of  t he  environment  or  simply  used  for  guarded  moves 
against  the  unexpected.  The  tactile  sensing  system  in 
the  bumpers  uses  segmented  tape  switches  to  determine 
the  point  of  contact  in  a  collision.  Besides  being  used 
for  emergency  collision  detection,  tactile  sensing  has  also 
been  used  for  moving  through  doorways;  the  edges  of  the 
doors  are  too  close  to  the  robot  for  the  vision  and  acoustic 
systems  to  sense  so  only  odometry  and  contact  sensors  are 
available  More  details  about  how  the  acoustic  and  tactile 
systems  are  used  can  be  found  in  [Kricgman] 

Mold's  (list  ributrd  compntat  ional  system  resides  par- 
tially  on  the  vehicle  as  well  as  ofTboard.  Onboard,  each 
v;hee|  is  controlled  by  an  S  bit  mic coprocessor,  running 
a  simple  position  controller  These  controllers  are  com¬ 
manded  by  a  sixteen  bit  computer  (National  Semiconduc¬ 
tor  .'12016)  which  is  also  responsible  for  trajectory  plan¬ 
ning.  sensor  data  acquisition  and  ofTboard  communica¬ 
tion.  Most  of  the  intelligence"  is  performed  ofTboard 
with  the  onboard  computer  executing  simple  commands 


and  handling  real  time  emergency  sit  nations  such  as  stop¬ 
ping  when  the  tactile  bumpers  detect  a  crash.  1  he  robot 
communicates,  via  a  digital  radio  link  with  a  (necessarily 
ofTboard)  Symbolics  Lisp  Machine  which  is  responsible  for 
planning  and  building  a  world  model.  A  I  V  transmitter 
sends  the  video  signal  from  the  cameras  to  the  digitizer. 
From  there  the  image  is  transferred  via  DMA  link  to  a 
VAX  which  does  image  processing  and  computes  stereo 
correspondence  points  that  are  sent  to  the  I  isp  Machine 
over  an  ethernet 


3.  Modeling  and  the  Environment 


We  expect  the  robot  to  explore  a  benign  indoor  en¬ 
vironment  without  human  intervention.  A  model  is  used 
to  represent  knowledge  about  t his  environment  and  helps 
to  execute  tasks  within  it. 

1  he  base  model  consists  of  a  flat  floor  that  carries 
vertical,  straight  walls  with  hinged  floors.  Arrangements 
of  walls  form  rooms  and  hallways.  Walls  are  very  likely  to 
be  parallel  or  at  right  angles  with  respect  to  each  other. 

In  the  actual  implementation  we  allow  surface  marks 
on  the  walls  and  a  class  "Other  Object"  to  cope  with 
things  that  the  stereo  vision  system  sees,  but  modeling 
ran  not  explain,  and  the  motion  planner  should  not  push 
over. 
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Figure  2  shows  t ho  hierarch}  that  might  describe  a 
hallway  in  a  building.  At  the  lowest  level  are  the  points 
and  lines  found  by  the  sensors  1  his  information  is  fit  to 
a  model  of  generic  objects  such  as  walls,  doors,  and  the 
floor  Two  parallel  walls  that  bound  an  elongated  region 
of  free  space  could  be  a  hall,  and  hallways  are  found  in 
buildings.  So  when  searching  for  a  route  between  rooms 
in  a  building  we  can  first  search  at  the  building  level  and 
then  find  a  path  along  successive  levels  of  the  map  A 
graphic  of  an  instantiation  of  this  model  containing  all 
possible  objects  and  their  joining  edges,  is  drawn  in  fig  3. 
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Figure  3.  Instantiation  of  Model 

I  bis  choice  of  model  has  implication*  for  the  vision 
system:  All  edge's  of  structural  elements  in  our  model  are 
either  vertical  or  horizontal  Note  the  edges  m  the  stereo 
pai r  of  images  m  figure  I.  All  vertical  edges  cross  a  hori¬ 
zontal  plane  at  camera  height  (otherwise  Mold  could  not 
fit  through  doors)  Vertical  edges  alone  allow  the  instan¬ 
tiation  of  the  model  with  one  ambiguity.  We  may  confuse 
a  gap  in  the  wall  with  the  wall  unless  some  other  object 
is  seen  through  the  gap.  Looking  at  the  floor  edge  would 
possibly  resolve  this  .situation. 

Whether  one  should  look  at  he  floor  at  all  is  also 
a  question  of  good  usage  of  processing  resources:  When 
all  information  about  the  model  ran  be  gained  by  looking 
horizontally,  looking  down  will  slow  the  process  (consid 
erably  as  it  turned  out).  On  the  other  hand  looking  down 
occasionally  i^  needed  to  avoid  obstacles  on  the  floor  Our 
Robot  does  not  do  so  now  and  consequently  rams  into 
chairs,  flower  pots  (if  small)  and  couches. 


4.  Tlw  Vision  System 

Image  Preprocessing  and  Edge  Detection 

linages  from  both  cameras  are  digitized  with  a  res 
olution  of  236  picture  elements  per  line.  \  one  dimen 
sional  version  of  the  edge  appearance  mod  is  applied  to 
an  epipolar  line  produced  by  averaging  a  f(  w  lines  at  the 
horizon  causing  vertical  smearing  of  the  images.  (The 
horizon  is  known  from  the  calibration  program  ) 

This  vertical  smearing  has  tin'  following  effects: 

1.  Vertical  edges  retain  their  acuity. 

2.  Slanted  edges  get  blurred,  horizontal  edges  vanish, 

3.  Tilt  and  roll  angle  misalignment  have  less  efTect. 

4.  Image  noise  is  reduced. 

3.  Blobs  become  vertical  edges. 

The  last  effect  can  be  applied  to  a  different  scenario' 
A  busy  road  at  night  with  the  glare  of  headlights.  After 
passing  the  vertical  averaging  filter,  these  blobs  of  light 
would  become  stripes  that  cross  the  horizon  and  give  rise 
to  edges  suitable  for  our  algorithm. 

Vertical  edges  of  walls  and  doors  in  our  model  re¬ 
main  vertical  and  sharp  after  this  operation  and  will  be 
recognized  with  high  localization  precision  by  the  edge 
appearance  operator. 

The  edge  appearance  model  [  Friend I  1078]  compares 
a  local  patch  of  digital  image,  e  g.  a  3  by  3  pixel  area, 
to  the  image  that  would  have  been  created  if  the  camera 
were  looking  at  an  ideal  step  edge.  It  uses  the  spatial  filter 
created  by  the  lens-camera-digitizer-preprocessor  pipeline' 
for  this  purpose.  The  operator  returns  quality,  position, 
direction,  left  and  right  grey  levels  of  the  edge  element.  It 
has  infinite  spatial  resolution  (1/8  pixel  in  practice)  and 
degrades  gracefully  for  non-ideal  edges. 


Figure  Stereo  pair  of  images  seen  by  Mold 
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For  locations  without  ideal  edges  but  high  gradient 
the  same  algorithm  is  applied  at  half  resolution,  because 
some  structural  edges  may  not  be  sharp  enough  (rounded 
corners)  or  ill  defined  in  detail  (reflections  or  fine  struc 
tures  along  a  corner).  These  edges,  multiple  edges  that 
cannot  be  combined  and  locations  with  a  high  gradient 
that  to  not  correspond  to  ideal  edges,  have  a  larger  esti¬ 
mated  localization  error 

The  algorithm  is  trimmed  for  speed  and  takes  less 
than  one  second  on  a  VAX. 

Alternative  Edge  Extractions 

Before  arriving  at  the  above  solution  we  explored  sev¬ 
eral  alternatives.  Some  of  them  are  still  available  to  be 
applied  later  for  more  specific  purposes  such  as  looking 
for  a  floor  edge. 

The  first  experiment  was  to  appiy  the  edge  detector  to 
the  whole  image  and  group  and  link  edges  afterwards  into 
lines.  Even  after  transferring  the  first  stages  of  the  edge 
detector,  several  5  by  5  convolution  filters,  to  a  pipeline 
processor,  it  took  several  minutes  to  process  a  stereo  im¬ 
age. 

The  next  alternative  was  to  combine  edge  detection 
and  linking.  The  next  edgel  is  expected  at  a  position  pre¬ 
dicted  by  the  previous  one.  Processing  time  was  reduced 
to  1.)  seconds  per  image.  Most  of  the  processing  went  into 
the  search  for  new  edge  links.  Reducing  this  search  risks 
loosing  short  and  marginal  chains  of  edges. 

The  resulting  lines  were  labeled  ‘straight’  and  ‘bent’ 
and  connected  with  other  lines  forming  corners,  In¬ 
junction,  Y -junctions  and  arrows.  These  were  intended 
to  label  the  resulting  line-graph  according  to  the  model 
and  combine  monocular  and  binocular  stereo.  Again  pro¬ 
cessing  time  was  too  'ong,  and  in  addition  lines  were  easily 

broken  by  door  knobs,  labels  on  the  wall  and  the  likes,  so 
that  stereo  pairs  were  difficult  to  determine.  Some  ob¬ 
jects,  e.g.  the  previously  mentioned  flower  pot,  did  not 
give  sufficiently  good  and  consistent  edges  for  a  stereo 
match. 

Non-vertical  lines  that  fit  the  model  are  floor-wall  and 
floor  door  edges.  We  found  that  these  edges  to  be  often 
outside  t  he  field  of  view  of  the  camera,  too  low  in  contrast, 
ill  defined,  or  obstructed  by  furniture.  When  extracting 
vertical  lines  the  image  can  be  enhanced  by  application 
of  a  vertical  low  pass  filter,  i  e  a  moving  average  over  a 
few  lines,  The  line  follower  won  t  get  thrown  off  by  a  tack 


in  a  door  frame.  All  important  information  except  edge 
length  is  provided  by  the  first  edge  of  a  vertical  So  finally 
we  drop  angular  sensitivity  of  the  edge  ''elector  and  line 
following  and  arrive  at  our  present  solution 


Figure  5.  Stereo  pair  with  occlusions 


Stereo  Algorithm 

We  can  never  be  certain  that  a  stereo  match  is  cor 
rect,  since  for  any  possible  stereo  match  of  edges,  we  can 
find  a  possible  if  far  fetched  physical  explanation.  Even 
in  the  series  of  pictures  from  our  test  run  discussed  be¬ 
low,  we  find  matching  edges  that  appear  very  different, 
for  example  in  figure  5.  What  we  can  do  is  tap  all  avail¬ 
able  sources  of  information  and  cues  to  make  the  chance 
of  correct  matches  in  the  real  world  as  high  as  possible. 
See  [Baker  1982)  and  [Tsuji  I98G]  for  other  solutions. 

T  he  stereo  mechanism  along  an  epipolar  line  that  we 
finally  settled  on  uses  edges,  grey  levels,  correlation  of 
intensities,  constellations  of  edges  and  constraint  propa¬ 
gation.  It  tries  to  preserve  left  to  right  ordering  of  edge 
matches  but  allows  violations,  e.g.  by  a  pillar  in  the  mid¬ 
dle  of  a  room.  Multiple  choices  of  matches  are  kept  along 
if  needed. 

In  the  first  stage  all  possible  stereo  edge  matches 
weighted  by 

•  similarity  of  edge  step  size  (positive  or  negative 
weight) 

•  grey  level  similarity  on  left  and  right  side  of  the  edge 
(only  positive  weight)  This  handles  those  occluding 
edges  which  have  similar  grey  levels  on  one  side  only. 

•  similarity  in  grey  level  correlation  near  the  edges. 

I  his  measure  is  independent  of  the  widely  varying 
camera  gains  and  oflscts  and  responds  to  differences 
in  edge  cross  sections. 
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Matches  with  a  positive  weight  are  considered  candi¬ 
dates  at  this  stage.  Note  that  we  did  not  loose  matches  of 
only  one  side  of  the  edge  and  that  we  keep  matches  with 
similar  edge  cross  sections  even  if  their  grey  levels  are  dif 
ferent  A  sample  of  the  resulting  situation  [figure  7]  shows 
edges  and  stereo  matches  con  'dered  at  this  point  super¬ 
imposed  to  the  grey  level  curve  of  left  and  right  epipoiar 
line  of  a  sample  scene 

The  grey  level  comparison  function  that  we  use  is 
similar  to  the  normalized  cross  correlation  hut  takes  dif¬ 
ferences  in  standard  deviation  and  mean  grey  levels  into 
account.  Since  intervals  along  the  epipolar  line  may  not 
have  the  same  length  and  the  interval  boundaries  may 
be  edges  at  subpixel  accuracy,  g-ey  levels  are  resampled 
by  linear  interpolation  at  approximately  pixel  steps.  The 
ratio  of  interval  lengths  also  contributes  to  the  compar¬ 
ison  function  since  it  is  unlikely  to  see  the  same  surface 
from  very  differing  angles  and  similar  interval  lengths  are 
therefore  likely. 


Matching  the  Model:  Walls  and  Doors 

Every  pair  of  matched  points  derived  from  neighbor¬ 
ing  edges  is  potentially  part  of  a  wall.  Angles  of  the  lines 
connecting  t  hese  points  are  clustered  with  weights  equal  to 
♦  heir  distances.  The  floor  is  then  searched  for  linear  con 
stellations  of  points  along  angles  corresponding  to  cluster 
maxima  Straight  lines  are  fitted  to  these  constellations 
and  the  best  fit  is  considered  to  signify  a  wall  surface. 
Other  fits  with  the  same  angle  or  perpendicular  to  that 
angle  are  also  considered  to  be  a  wall  surface.  Walls  are 
further  labeled  ‘leftwall’  and  ‘rightwall’  if  they  pass  by  the 
left  or  right  side  of  the  vehicle  respectively. 

Any  pair  of  points  60cm  to  140cm  apart  is  a  candidate 
for  a  door  frame.  If  the  corresponding  edges  have  big 
brightness  differences  with  the  dark  side  and  the  inner 
side  of  the  frame  a  door  is  assumed.  It  is  confirmed  if  it  is 
on  a  wall.  If  the  space  between  those  edges  does  not  have 
a  strong  grey  level  correlation  the  door  is  not  closed. 


Figure  6.  Stereo  match  proposals  and  grey  level  curves 


Next  we  deal  with  local  consistency.  First  the  grey- 
level-comparison-function  is  applied  to  the  intervals  be¬ 
tween  pairs  of  matching  edges  and  their  respective  first 
and  second  neighbors  to  the  left.  By  comparing  these  4 
combinations  per  match,  marginal  edges  present  in  only 
one  image  can  be  pinpointed  and  eliminated.  As  a  side 
effect,  high  correlation  makes  it  likely  that  the  ribbon  be¬ 
tween  edges  results  from  a  solid  object. 

Local  consistency  links  neighbors  and  can  tell  ns 
which  neighboring  match  is  more  consistent.  1  licse  neigh¬ 
bor  links  form  paths  of  maximum  consistency  that  link 
groups  of  likely  match  choices.  Simply  summing  up  match 
qualities  in  a  group  represents  an  effective  means  of  con¬ 
straint  propagation.  A  group  of  equal  bars  or  a  checker¬ 
board  that  is  entirely  visible  will  be  matched  correctly  this 
way.  In  the  case  of  an  occluding  edge  the  constraint  will 
propagate  up  to  the  edge,  and  the  part  visible  only  to  one 
camera  will  tend  to  be  left  unmatched 

Finally  if  a  previous  image  is  available,  a  motion 
match  that  occurs  within  the  limits  of  motion  prediction, 
may  resolve  any  remaining  ambiguity. 


Figure  7.  shows  the  state  of  the  model  as  derived 
from  a  single  view  of  the  hallway  of  our  lab.  An  additional 
classification  has  been  introduced  here:  ‘hallway’  for  a 
room  that  is  very  narrow  and  long. 


5.  Free  Space  and  Motion  Planning 

Free  space  is  the  volume,  or  in  our  case,  the  floor 
area,  that  is  free  from  obstacles.  Initially  it  is  the  area 
occupied  by  the  vehicle,  a  roughly  circular  polygon  65cm 
in  diameter  The  arrangement  of  robot,  cameras  and  fields 
of  view  is  drawn  in  figure  8. 
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Figure  8.  Geometry  of  robot,  cameras  and  field  of  view 

When  the  stereo  system  finds  a  match  the  rays  be¬ 
tween  both  cameras  and  the  object  go  th rough  free  space 
if  the  match  was  correct  and  the  physical  light  rays  did 
not  go  through  glass  panes  or  were  reflected  by  a  mirror. 
The  stereo  system  delivers  matches  in  a  polar  sort  about 
the  robot.  We  now  make  the  worst  case  assumption  that 
the  connection  between  neighboring  matches  represents  a 
solid  object.  This  includes  real  walls  with  both  ends  visi¬ 
ble,  openings  in  walls  without  objects  seen  through  them 
and  lines  connecting  otherwise  unrelated  matches. 

The  hull  of  lines  connecting  neighboring  matches  and 
lines  connecting  matches  with  each  camera  represents  our 
visual  free  space  [figure  9],  Total  free  space  is  the  ‘OR'ing 
of  the  footprint  of  the  vehicle  with  free  space  derived  from 
vision  and  other  sources. 


Figure  9.  Free  space  and  stereo  matches 

A  safe  move  will  keep  the  vehicle  entirely  in  free 
space.  From  figure  9  we  notice  that  no  safe  move  is  possi¬ 
ble  from  a  single  view  since  there  is  a  bottleneck  between 
footprint,  and  visual  free  space. 

If  the  robot  has  already  moved,  the  new  free  space 
consists  of  the  superposition  of  the  new  visual  free  space 
to  the  previous  visual  free  space  and  the  space  swept  out 
during  the  motion.  Old  freespace  has  to  be  shrunk  ac¬ 
cording  to  motion  uncertainty. 


If  the  robot  has  already  moved,  the  new  free  space 
consists  of  the  superposition  of  the  new  visual  free  space 
to  the  previous  visual  free  space  and  the  space  swept  out 
during  the  motion.  Old  freespace  has  to  be  shrunk  ac¬ 
cording  to  motion  uncertainty. 

do  allow  Mobi  to  move  we  tell  it  initially  that  it  has 
enough  space  to  rotate  in  place  and  position  it  accordingly 
a*  least  5  cm  from  the  next  obstacle.  The  motion  plan¬ 
ner  s  top  goal  is  to  generate  enough  free  space  to  allow 
motion  In  particular  the  vehicle  will  rotate  until  it  has 
seen  enough  to  be  able  to  find  a  save  forward.  The  motion 
planner  works  as  follows: 

1.  Intersect  free  space  with  a  circle  with  the  diameter 
equal  to  twice  the  maximum  step  size  whose  center 
is  the  robot. 

2.  for  each  intersecting  arc  find  the  longest  legal  move 
in  the  direction  of  the  center  of  the  arc. 

3.  the  robot’s  orientation  is  determined  by  repeating 
steps  1  and  2  from  the  new  position.  At  the  first 
position  the  robot  will  face  the  second  one. 

I.  If  there  arc  several  moves,  or  several  orientations 
make  a  random  choice. 

5.  If  no  move  is  found  rotate. 


Uncertainty  Reduction 

As  the  robot  moves,  its  location  is  determined  by 
odometry.  However,  due  to  wheel  slippage,  finite  shaft 
encoder  resolution,  backlash,  as  well  as  other  problems, 
there  is  some  uncertainty  in  measuring  wheel  positions. 
I  his  is  especially  significant  with  odometry  because  error 
is  integrated  with  successive  motion.  Furthermore,  there 
is  some  uncertainty  in  measurement  of  the  location  of  cor¬ 
respondence  points  from  stereo  vision.  Thus,  when  the 
robot  views  a  point  in  space  (e.g.  a  door  frame)  from  two 
locations,  the  point  will  appear  to  be  at  two  distinct  lo¬ 
cations  unless  one  considers  uncertainty  [Brooks, Chatila]. 

1  or  some  measurements,  the  easiest  solution  may  be  to 
ignore  it  by  just  checking  fixed  intervals  about  any  point 
(e.g.  two  points  are  the  same  if  they're  within  2  inches). 
A  more  sophisticated  approach  than  representing  points 
by  their  coordinates  is  to  represent  them  as  the  probabil 
ity  that  the  point  is  at  certain  location  (i.e.  probability 
density  function).  In  this  work  all  points  are  represented 


M2 


by  a  multivariate  normal  distribution  with  a  mean  vector 
ft  and  rovariance  matrix.  E.  Higher  order  moments  or 

P 

other  distributions  may  provide  more  information  but  are 
much  more  complex  and  would  require  great  computation 
time 

All  stereo  correspondences  are  made  at  a  location  /’, 
which  can  be  related  to  the  robot’s  previous  location  i 
by  a  transform,  7,  ,  Since  mobi  only  travels  inside 

buildings,  and  the  floor  is  basically  level  the  transforms 
only  need  to  represent  the  Cartesian  location  and  the  an  { 
gle  of  rotation  ( x  y  ft).  From  odornetry,  we  can  deter 
mine  the  mean  and  covariance  of  the  motion  which  we 
have  taken  to  be  a  function  of  distance  traveled.  The 
stereo  measurements  are  also  taken  to  have  uncertainty 
due  to  localization  of  edges  in  the  two  images.  It  should 
be  noted  that  the  standard  deviation  of  the  error  in  dis¬ 
tance  to  a  point  grows  as  the  square  of  the  distance  to  the  p 
point,  whereas  localization  uncertainty  in  the  directions 
parallel  to  the  cameras'  focal  plane  grows  proportional  to 
distance. 


Figure  10A  shows  the  uncertainty  ellipses  of  two 
points  ( Ga  and  C'b)  that  were  viewed  from  two  different  lo¬ 
cations,  ( l\  and  /:>).  This  figure  shows  that  there  was  an 
error  in  motion  transform,  T\ j  as  determined  by  (biome¬ 
try  because  correspondence  point  and  (\,j  should  lie 
at  the  same  location  as  well  as  points  (  and  Cbj.  How¬ 
ever,  consider  the  uncertainty  in  tin-  location  if  the  robot 
at  7*2,  as  represented  by  the  ellipse  about  its  location  in 
fig.  10B.  The  uncertainty  in  the  location  of  the  stereo 
points  Caj  and  C'b,  with  respect  to  location  l\  are  found 
by  compounding  [Smith],  also  shown  in  fig.  1 0 B  Now,  wo 
can  determine  that  indeed  points  <  V,  «nd  <  are  actually 
measurements  of  the  same  point,  and  so  we  can  now  ap¬ 
ply  ?  Kalman  filter  to  reduce  the  uncertainty  in  both  the 
stereo  correspondences  and  the  motion  transform.  I  he 
transform  and  the  correspondence  points  as  seen  from  l’\ 
become  onr  initial  state  vector  along  with  their  covari¬ 
ances.  We  assume  that  the  stereo  measurements  as  well 
as  the  transform  are  independent.  The  correspondence 
points  as  seen  from  /b  becomes  the  measurement  vector, 
and  we  just  apply  the  Kalman  filter  [Jimkins]  to  obtain 
figure  IOC  Nolo  that  the  uncertainty  of  the  motion  has 
been  reduced  as  has  the  location  of  the  correspondence 
points  as  viewed  from  both  positions.  With  this,  vve  ran 
integrate  motion  Sequences  to  a  greater  level  of  accuracy. 
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h'itjun  10.  Uncertainty  reduction. 

A:  l'vvo  points  seen  from  different  locations 
B  Uncertainty  with  respect  to  l’l 
(':  l  ncertainties  combined 


Navigation  with  positions  derived  from  correspon¬ 
dence  points  proved  to  b<  much  more  precise  than  odom- 
etry. 


Figure  II.  Fxample  for  visual  navigation:  1  he  robot 
ikons  show  the  derived  position,  while  the  arrows  indicate 
predicted  motion  relative  to  the  previous  position,  file 
arrow  tails  indicate  the  commanded  position  of  the  robot 
while  the  direction  to  the  arrow  head  indicates  the  com¬ 
manded  orientation.  The  differences  between  the  arrow- 
tails  and  the  ikon  centers  are  very  large  and  the  precision 
can  be  judged  front  the  fact  that  the  wall  segments  as  seen 
from  various  positions  superimpose. 


*  rhe  Groat,  Excursion 

N<  W  lot  us  take  a  look  at  what  a  real  mobile  robot 
run  is  like.  Mobi  is  turned  on  in  front  of  the  calibra 
tion  chart  discussed  previously,  and  the  camera  param 
eters  are  determined.  Mobi  is  now  moved  out  into  the 
hallway  i  right  now  we  don  t  have  the  precision  to  send  it 
through  doorways).  To  make  the  start  of  this  run  inter 
esting  we  pointed  mobi  at  a  blank  wall  and  commanded 
it  to  go;  tins  was  our  last  action,  now  mobi  was  on  his 
own. 

Sure  enough,  it  did  not  see  any  edges  while  staring 
at  a  white  wall  and  so  the  robot  performed  the  only 
safe  move,  rotation  After  this  move,  mobi  still  hasn  t 
seen  enough  to  move  forward  and  rotates  further.  It  is 
confronted  with  its  first  substantial  view,  the  hallway  as 
shown  in  figure  A 

I  rom  here  it  sees  enough  correspondence  [joints  to 
build  a  large  enough  region  of  free  space  to  begin  trans¬ 
lating.  Mobi  moves  forward  a  meter  though  not  yet  to¬ 
wards  the  center  of  the  hall  because  it  needs  to  see  more 
points  on  the  right  wall.  After  a  few  wavering  moves,  mobi 
travels  towards  the  end  of  hallway  without  any  further  in¬ 
cidents. 

The  first  great  challenge  looms  off  in  the  distance,  the 
great  white  pillar  (shown  in  lignre  5).  T  his  [loses  a  partic¬ 
ularly  interesting  problem  because  the  cpipolar  ordering 
constraint  may  be  violated.  Furthermore,  the  building 
corner  causes  a  major  occlusion  of  the  window.  Note  the 
white  signs  on  the  window  are  visible  in  tin1  right  image 
and  are  occluded  in  the  left  image.  The  occluding  edge 
changes  from  light  gray  to  black  in  the  left  image  while 
switching  from  gray  to  bright  white  in  the  right  image. 
Also  note  the  black  wire  dangling  close  to  the  corner.  This 
the  real  world  after  all.  The  robot  still  sees  a  large  region 
of  free  space  and  heads  towards  the  water  fountain.  Fi¬ 
nally,  mobi  gets  close  to  the  end  of  the  hallway,  sees  little 
and  decides  to  round  the  corner  as  shown  in  the  motion 
sequence  of  figure  12  on  this  page. 

In  the  first  stereo  pair  the  pillar  is  seen  occluding  t  he 
paper  sigi  s  in  the  right  image  but  not  in  the  left  caus¬ 
ing  edge  inversion  again.  Still  it  is  recognized,  and  Mobi 
passes  the  pillar.  Seeing  the  reflections  of  lobby  which 
wc  II  encounter  m  the  next  motion  sequence,  Mobi  heads 
traiglit  toward  the  window.  Fortunately  for  ns  (windows 
are  expensive),  mobi  sees  the  edges  of  the  aforementioned 
paper  signs  and  the  two  bright  dots  that  are  coincident ly 
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at  eye  level.  M obi  rotates  again  to  avoid  bumping  the 
window  and  one  of  t lie  proud  authors  is  seen  in  the  re¬ 
flection,  smiling  from  ear  to  ear.  Dotations  continue  and 
we  are  now  facing  the  far  end  of  the  lobby,  featuring  two 
Stanford  Arms  of  old  barm  and  yarm. 

Mobi's  excursion  continues  across  the  lobby  heading 
to  window  on  the  other  side  of  lobby.  However  as  it 
neared  the  window  mobi  saw  its  own  reflection  in  the 
window  and  turned  away.  1  nfortunately  for  the  authors, 
this  and  a  few  preceding  images  have  been  destroyed,  but 
we  can  still  go  to  the  \  ideo  tape.  Now  we  enter  the  last 
image  sequence  where  the  window  ,  filling  the  right  image 
and  a  bulletin  board  is  dominating  the  left  image.  The 
disparity  is  nearly  half  an  image  because  we  are  so  close. 
Of  course  mobi  rotates  and  faces  a  similar  scene.  This 
scene  is  cluttered  but  fits  our  model  of  a  wall  with  surface 
marks.  Rotations  continue  with  the  far  door  coining  into 
view.  Mobi  is  now  looking  at  a  large  area  of  free  spare 
and  moves  forward  towards  that  door. 

Sadly,  the  run  ended  because  of  a  communication  fail¬ 
ure  between  the  lisp  machine  and  the  robot  permit  ting  the 
researchers  and  onlookers  to  retire  for  the  evening  after 
celebrating  over  champagne. 


7.  Conclusion 

So,  wc*  have  seen  that  Mobi  can  successfully  navigate 
through  the  inside  of  a  building  under  automatic  visual 
control.  I  he  algorithm  used  during  the  discussed  excur¬ 
sion  took  between  12  and  IS  seconds  per  vision  step  plus 
motion  time;  Though  our  choice  of  algorithm  was  aimed 
at  producing  a  lively  rate,  neither  the  hardware  nor  coding 
was  Optimized,  and  too  much  time  was  spent  on  commit 
nication  between  computers. 

By  choosing  a  model  that  ran  be  simply  instantiated 
with  the  detection  of  vertical  edges  m  the  world  process¬ 
ing  time  has  been  greatly  reduced  Furthermore  motion 
sequences  have  been  aggregated  to  reduce  the  uncertainty 
in  navigation  and  stereo.  I  innlly  a  symbolic  model  of 
building  structure  has  heed  automatically  created 
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Abstract 

Tlie  VISION’S  research  environment  at.  the  University  of  Massachu¬ 
setts  provides  an  integiated  system  for  the  interpretation  of  visual 
data.  A  mobile  robot  has  been  acquired  to  provide  a  t.est.bed  for 
segmentation,  static  mte  pret.atiou,  and  motion  algorithms  developed 
within  this  framework.  The  robot  is  t.o  be  operated  ill  test  domains 
that  encompass  both  interior  scenes  and  outdoor  environments.  The 
t.est  vehicle  is  equipped  with  a  monocular  vision  system  and  will 
communicate  with  the  lab  via  a  UHF  transmitter-receiver  link. 

-Several  visual  strategies  are  being  explored.  These  include  a  fast 
line-finding  algorithm  for  path  following,  a  multiple  frame  depth- 
froni-mot-ion  algorithm  for  obstacle  avoidance,  and  the  relationship 
of  schema-based  scene  interpretation  to  mobile  robotics,  especially 
regarding  vehicle  localisation  and  landmark  recognition.  These  al¬ 
gorithms  have  been  tailored  t.o  meet  the  needs  of  mobile  robotics  by 
utilising  top-down  knowledge  when  available  to  reduce  computational 
demands. 

To  facilitate  the  implementation  of  these  algorithms,  the  UMARS 
Autonomous  Robot  Architecture  (AnHA)  has  been  developed.  Em¬ 
ploying  both  high-level  semantic  knowledge  and  control  structures 
consisting  of  low-level  motor  schemas,  action-oriented  perception  and 
schema-based  navigation  are  being  investigated.  Initial  path  plan¬ 
ning  is  conducted  through  a  ground-plane  meadow-map  which  con¬ 
tains  semantic  and  visual  data  relevant  to  the  actual  navigational 
execution  of  the  path  Information  front  the  meadow-map  along  with 
the  goals  developed  by  the  mid-level  path  planner  are  then  passed  to 
the  pilot,  which  selects  appropriate  motor  schemas  for  instantiation 
in  the  motor  schema  manager  Pertinent,  vision  algorithms  or  per¬ 
ceptual  schemas  are  associated  with  each  instantiated  motor  schema 
to  guide  the  vehicle  abuts  its  way. 

Results  of  both  actual  robot  navigation  in  an  outdoor  campus 
environment  and  appropriate  simulations  are  presented  t.o  show  the 
viability  of  this  Al  architecture.  These  examples  concentrate  in  the 
three  areas  of  vision  research  mentioned  above. 


1.  Introduction 

The  VISIONS  group  at,  bite  University  of  Massachusetts  has 
an  extensive  and  ongoing  research  project  in  the  interpretation 
of  real-world  images  [1  2|.  More  recently,  efforts  are  being  made 
to  migrate  many  of  the  concepts  developed  within  the  VISIONS 
system  to  the  application  of  mobile  robot  navigation  A  mo¬ 
bile  robot  has  been  acquired  to  provide  an  experimental  testbed 
for  this  effort  This  vehicle  (a  Denning  Mobile  Robot  -  DRV) 
is  equipped  with  a  monocular  video  camera  and  a  ring  of  24 
ultrasonic  sensors. 

This  research  was  supported  in  prut,  by  the  General  Dynamics  Cor¬ 
poration  under  grunt  DRY  (it 1 1  ft r.n  mul  the  U  S.  Army  under  ETL  grunt 
DAC  A7fi-85-C:-til)8. 


ArtRA  (Autonomous  Robot  Architecture)  is  a  system  archi¬ 
tecture  that  provides  necessary  extensions  to  the  VISIONS  sys¬ 
tem  that  are  primarily  concerned  with  safe  mobile  robot  navi 
gation.  These  extensions  include  the  addition  of  representations 
specific  to  navigation,  the  incorporation  of  motor  schemas  as  a 
means  of  associating  perceptual  techniques  with  motor  behav¬ 
iors,  and  the  introduction  of  homeostatic  control  utilising  inter¬ 
nal  sensing  as  a  means  for  dynamically  altering  planning  and 
motor  behaviors. 

The  remainder  of  this  paper  is  divided  into  the  following 
sections.  Section  2  will  present  an  overview  of  tlie  AuRA  ar¬ 
chitecture.  Section  3  will  describe  how  navigation  is  accom¬ 
plished  within  AuRA,  specifically  the  roles  of  long-term  and 
short-term  memory  and  the  operation  of  the  navigator,  pilot 
and  motor-schema  manager.  Section  4  describes  the  relation¬ 
ship  of  VISIONS  to  AuRA,  concentrating  particularly  on  the 
VISIONS  schema  system  Modular  vision  algorithms,  including 
techniques  already  embedded  as  well  as  those  currently  being 
investigated  fo  -  potential  incorporation,  are  described  in  section 
5.  Experimental  results,  including  robot  experiments  as  well  as 
simulations,  are  presented.  A  summary  of  the  paper  arid  a  brief 
description  of  future  work  complete  the  report. 

2.  Architecture  Overview 

A  block  diagram  of  AuRA  is  presented  in  Figure  1.  AuRA 
consists  of  five  major  components:  the  planning,  cartographic, 
perception,  motor  and  homeostatic  subsystems.  The  planner 
consists  of  the  motor  schema  manager  pilot,  navigator  and  mis¬ 
sion  planner  and  is  described  in  section  3.  A  cartographer,  whose 
task  is  to  maintain  the  information  stored  ill  long-  and  short¬ 
term  memory  and  supply  it,  on  demand  to  planning  and  sensory 
modules,  provides  the  additional  functionality  needed  for  navi¬ 
gational  purposes.  Long-term  memory  (LTM)  stores  the  a  pri¬ 
ori  knowledge  available  to  the  system,  while  short, -term  memory 
(STM)  contains  the  acquired  perceptual  model  of  the  world  over¬ 
laid  on  an  LTM  context.  The  cartographer  is  aho  responsible 
for  maintaining  the  uncertainty  in  the  vehicle’s  position. 

A  perception  subsystem,  (ultimately  consisting  of  the  VI¬ 
SIONS  system,  sensor  processing  and  sensors),  is  delegated  tlie 
task  of  fielding  all  sensory  information  from  the  environment, 
performing  preliminary  filtering  on  that  data  for  noise  removal 
and  feature  enhancement,  then  extracting  perceptual  events  arid 
structuring  the  information  in  a  coherent  and  consistent  manner, 
and  finally  delivering  it  to  the  cartographer  and  motor  schema 
manager.  It  is  also  the  subsystem,  in  conjunction  with  the  car 
tographer,  where  expectations  are  maintained  to  guide  sensory 
processing. 

The  motor  subsystem  is  tlie  means  by  which  (lie  vehicle  in¬ 
teracts  with  its  environment  in  response  to  sensory  stimuli  and 
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high-level  plans.  Motors  and  motor  controllers  serve  to  effect,  the 
necessary  positional  changes.  A  vehicle  interlace  directs  the  mo¬ 
tor  controllers  to  perform  the  requested  motor  response  received 
from  higher  level  processing. 

The  homeostatic  control  snhsystem  is  concerned  with  the 
maintenance  r  f  a  safe  internal  environment  for  the  robot.  Inter¬ 
nal  sensors  provide  information  which  can  dynamically  alfert.  the 
decision-making  processes  within  the  planner,  as  well  as  modify 
specific  motor  control  parameters. 

The  first  pass  implementation  of  the  perceptual  system  does 
not  draw  on  the  VISIONS  system  in  its  entirety  The  VISIONS 
system  is  ultimately  expected  to  he  the  location  where  all  sensor 
fusion  occurs,  yielding  ideally  a  rich  3-1)  model  of  the  perceived 
world.  At  this  stage  in  AuRA’s  development,  however,  rele¬ 
vant  vision  algorithms  are  extracted  from  the  VISIONS  environ¬ 
ment  and  are  used  outside  of  its  context.  The  real-time  needs 
of  mobile  robotics  can  be  handled  by  this  strategy  as  the  vision 
algorithms  are  not  yet  developed  on  parallel  hardware.  In  so  do¬ 
ing,  the  cartographer  assumes  greater  responsibility  than  might 
be  needed  in  future  designs  when  many  of  tile  cartographer  s 
responsibilities  are  subsumed  by  the  VISIONS  system  Figure 
2  shows  AnRA’s  initial  implementation  strategy.  Homeostatic 
control  Is  to  he  implemented  only  after  the  motor  schema  man¬ 
ager  is  moved  from  simulation  to  real-time  implementation  and 
the  vehicle  is  equipped  with  the  necessary  internal  sensors  The 
mission  planner  is  currently  rudimentary  and  has  a  low  priority 
for  development. 

The  subsert  ions  that  follow  describe  hriefly  t  he  nil  innate  roles 
of  the  various  Aulf  A  subsystems  (with  the  exception  of  the  plan¬ 
ning  subsystem  wliieli  is  discussed  in  sect  ion  3.) 

2.1  Cartographer 

The  cartographer  is  the  manager  of  the  non-VISIONS  rep¬ 
resentations  and  high-level  controller  of  the  map  maintenance 
processes.  Its  responsibilities  include: 


•  Preservation  of  the  integrity  of  the  perceived  world  model, 
reconciling  temporally  conllicting  sensor  data. 

•  Initiating  and  scheduling  processes  whose  duty  it  is  to: 

incorporate  data  from  the  perception  subsystem  into 
short-term  memory(STM) 
instantiate  models  from  LTM  into  STM 
provide  sensor  expectations  and  to  guide  schema  in¬ 
stantiations 

•  Maintenance  of  uncertainty  at  all  levels  of  representation 

spatial  error  map  maintenance  for  robot  localization 
STM  environmental  uncertainty  handling  (object  lo¬ 
cation) 

•  Initial  LTM  Map  building  (i.e.  knowledge  acquisition) 

2.2  Perception  Subsystem 

Environmental  sensor  processing  occurs  within  the  confines 
of  the  perception  subsystem  This  component  of  AuRA  consists 
of  three  submodule  types:  sensors,  sensor  processors,  and  the 
VISIONS  system  In  the  early  stages  of  the  robot  system  devel¬ 
opment,  we  ut  ilize  a  small  subset  of  available  vision  algorithms, 
including  simplified  versions  of  some  low-level  algorithms  that 
are  tuned  for  real-time  performance,  until  a  full  real-time  scene 
interpretation  VISIONS  environment  heroines  available. 

Sensor  processors  serve  to  preproress  the  sensor  data  into  a 
form  that  is  acceptable  to  the  reriiving  modules.  The  principal 
goal  for  these  sensor-specific  filters  (c.g,  from  vision,  ultrasonic  or 
dead-reckoning  sensors)  is  to  simplify  the  job  faring  the  VISIONS 
system  by  removing  noisy,  extraneous,  or  errorfnl  data  and  by 
converting  the  relevant  dat.a  from  diverse  sensors  into  a  form 
that,  is  integrable  into  world  representations. 
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Figtire  2.  First  Pass  Implementation  of  AuKA  Architecture 


The  VISIONS  system  is  the  heart  of  the  perception  sub¬ 
system  Multiple  levels  of  sensor  data  and  their  associated  in¬ 
terpretations  are  present.  Perceptual  schemas  are  instantiated 
and  maintained  within  this  system.  The  net  result  is  a  collec¬ 
tion  of  plausible  hypotheses  arid  interpretations  for  sensor  data 
with  associated  confidence  levels  that  reflect  their  uncertainty. 
Data  can  be  drawn  off  by  the  planner  at  any  representation  level 
within  the  VISIONS  system,  ranging  from  low-level  pixel  data 
and  intermediate-level  lines  and  surfaces,  to  high-level  full  scene 
interpretations. 

Information  foretelling  imminent  danger  will  pass  directly  to 
the  pilot  or  vehicle  interface  from  the  sensor  processors  via  panic 
shunts  without  the  mediation  of  the  cartographer,  VISIONS  sys¬ 
tem  or  motor  schema  manager  These  panic  shunts  are  intended 
to  emulate  reflex  arc  activity,  bypassing  higher  level  processing. 

2.3  Motor  Subsystem 

The  motor  subsystem  is  delegated  the  responsibility  of  ef¬ 
fecting  the  commands  of  the  motor  schema  manager.  The  motor 
subsystem  consists  of  three  major  components:  motors,  motor 
controllers  and  vehicle  interface  The  steering  motors,  drive  mo¬ 
tors  and  motor  controllers,  in  the  rase  of  the  UMASS  DRV,  are 
provided  by  the  manufacturer. 

The  vehicle  interface,  in  its  most  gpneral  version,  will  use  the 
output  of  motor  schemas  as  a  means  for  effecting  action  in  the 
environment  This  module  is  the  one  component  of  the  overall 
architecture  which  is  most  profoundly  influenced  by  the  specific 
robot  vehicle  chosen  Vehicle  independence  is  a  design  goal  for 
all  I  her  AnRA  modules.  The  vehicle  interface  translates  the 
commands  from  the  motor  schema  manager  into  the  specific  form 
required  for  the  vehicle 


2.4  Homeostatic  Control  Subsystem) 

Concern  for  behavioral  changes  in  planning  due  to  the  inter¬ 
nal  state  of  the  robot  has  not  been  encountered  elsewhere  iri  the 
literature.  Most  systems  assume  optimal  conditions  at  all  times, 
others  (e.g.  [3])  operating  in  hazardous  environments  simply  de 
termine  if  it  is  safe  or  not  to  enter  a  particular  location,  still 
others  (e.g.  [32])  make  plans  based  on  fuel  reserves  and  other 
factors,  but  the  robot’s  dynamic  behavior  is  not  considered 

In  the  proposed  system,  internal  surveillance  of  the  robot  is 
constantly  maintained  by  appropriate  sensors  "Life" -threaten¬ 
ing  conditions  such  as  excessive  temperatures,  corrosive  atmo¬ 
spheres,  or  low  energy  levels,  can  dynamically  alter  variables  in 
the  motor  subsystem  and  affect,  decision-making  wit  bin  1  lie  plan¬ 
ning  subsystem.  A  detailed  description  of  the  issues  for  such  a 
homeostatic  control  system  can  he  found  in  r>  Ibis  extended 
functionality  will  provide  the  robot,  with  enhanced  survivability 
through  a  greater  capability  to  rpspond  to  a  changing  environ¬ 
ment. 

Although  initial  system  designs  will  assume  optim  1  rondi 
tions  for  the  homeostatic,  control  system,  in  order  to  simplify  the 
integration  of  this  concept  into  later  versions,  it.s  design  rnnsid 
erations  will  be  dealt  with  from  the  start. 

3.  Navigation 

Several  papers  document  the  navigational  and  path  planning 
techniques  used  in  AuRA.  fhe  roles  of  the  navigator  and  long 
tern)  memory  are  described  in  6  and  the  motor  schema  man 
ager’s  function  is  presented  in  [71  A  more  complete  description 
of  the  planning  subsystem  and  navigational  representations  ap 
pears  in  8],  The  intent  of  this  section  is  to  provide  an  overview 


of  t  he  process  of  navigation  for  our  system,  concent  rat  mg  par¬ 
ticularly  on  the  relationship  of  visual  perception  to  I  lie  robot's 
path  choice  and  successful  path  completion. 

I  here  are  I  wo  (list  i  net,  levels  of  path  planning  available  map- 
navigat-ion  based  on  a  prion  knowledge  available  from  the  car¬ 
tographer  and  embedded  in  long-term  memory:  and  sensor-data- 
driven  piloting  conducted  by  the  motor-schema  manager  upon 
the  receipt,  of  instructions  from  the  pilot.  The  motor  schema 
manager  is  perhaps  best  viewed  as  t  he  exonit  ion  arm  of  t  he  pilot, 
responding  to  the  perceived  world  ill  an  intelligent  manner  while 
striving  to  satisfy  the  navigator’s  goals,  h’irst,  let’s  examine  the 
hierarchical  planning  component  of  the  planning  subsystem. 

A  hierarchical  pla  tier,  consisting  of  a  mission  planner,  nav¬ 
igator  and  pilot  (lig.  3),  implement  the  requested  mission  from 
I. he  human  commander  The  functions  of  the  three'  hierarchical 
submodules  are  described  below.  It  should  be  remembered  that 
communication  is  two  way  across  the  submodule  interfaces,  but 
is  predictable  and  predetermined,  the  central  characteristic  of 
hierarchical  control. 


3.1  Mission  Planner 


I’he  mission  planner  is  given  the  responsibility  for  high-level 
planning.  This  includes  spatial  reasoning  capabilities,  determi¬ 
nation  of  navigation  and  pilot,  parameters  and  modes  of  opera¬ 
tion,  and  selection  of  optimality  criteria.  In  pit  t  to  Ibis  module 
is  front  three  sources:  the  cartographer,  the  homeostatic  control 
subsystem  and  the  human  commander  The  cartographer  pro¬ 
vides  current  world  status,  including  both  short-term  and  long¬ 
term  memory  structures,  The  homeostatic  control  system  pro¬ 
vides  data  regarding  the  robot’s  current  internal  status:  energy 
and  temperature  levels  and  other  relevant  safely  considerations 
that  have  a  hearing  on  the  robot’s  ability  to  succ  essfully  com¬ 
plete  any  plan.  No  assumptions  should  he  made  by  the  planner 
that  the  robot  lias  the  necessary  resources  available  to  complete 
any  plan  that  is  developed  This  is  crucial  for  reliable  long-range 
planning  capabilities. 

Mission  commands  are  entered  by  the  limium  commander 
through  a  user  interface.  The  exact,  struct  tire  of  t  Itese  commands 
will  he  dictated  by  the  task  domain  (domestic,  military,  iiidns- 
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trial  etc.) 

Dealt  iiiif  opera!  toil  is  not  as  crucial  for  mission  pi  inning  as  it 
is  for  lower  levels  in  the  planning  hierarchy.  Nonetheless,  cllicicnt 
replanning  may  be  necessary  at.  this  level  upon  receipt  of  status 
reports  from  the  navigator  indicating  failure-  of  the-  attainment 
of  any  snbgoal. 

The  output  of  the  mission  planner  is  direc  ted  to  the  naviga¬ 
tor.  It  will  consist  of  a  list  of  paramet  ers  and  modes  of  opera!  ion 
that  determine  the  overall  behavior  of  the  robot  Additionally, 
a  list  of  mission  specifications  and  commands  (sitbgoals)  for  the 
current  task  will  be  provided. 

The  mission  planner,  although  a  signific  ant  component  of  the 
overall  architecture,  has  a  relatively  low  priority  lor  implemen- 
l  at  ion  at  this  t  tine 

3.2  Navigator 

The  navigator  accepts  the  specifications  and  behavioral  pa¬ 
rameter  lists  from  the  mission  planner  and  designs  a  point  to 
point  path  from  start  to  goal  based  on  the-  current  a  priori  world 
model  stored  in  I, I'M.  The  representation  level  used  by  the-  nav¬ 
igator  is  the  “meadow  map”:  a  hybrid  vertex-graph  tree -space 
world  model.  Status  reports  arc  issued  hac  k  to  the  mission  plan¬ 
ner  either  upon  successful  completion  of  the  mission  spec  ific  n- 
tions  (subject  to  the  behavioral  constraints)  or  upon  failure  to 
meet  the  requisite  goals.  If  failure  results,  the  reason  for  failure 
is  reported  its  well . 

The  meadow  map’s  basic  structure  is  an  outgrowth  of  work 
by  Crowley  |!)|  and  Ciralt  and  Cliatila  jlO.lt  12  Our  work 
is  distinguished  from  that  which  preceded  it  by  tlx  incorpora 
lion  of  extensions  to  include  multiple  terrain  types,  the  use  of 
specialized  map  production  algorithms,  the  availability  of  sev¬ 
eral  search  strategies  and  the  ability  to  easily  embed  perceptual 
knowledge.  Data  stored  at.  this  level  reflects  geometrically  and 
topologically  the  robot’s  modeled  world.  A  polygonal  approxi¬ 
mation  of  till  obstacles  is  used  to  simplify  hot  It  map  building  and 
navigational  compulation.  The  necessary  visual  representations 
(feature  map)  for  path  execution  and  uncertainty  mamigc-menl 
are  tied  to  these  polygonal  ground  plane  projection  models.  This 
map  serves  as  the  basis  for  the  robot's  short-term  memory  con¬ 
text  Specific  components  arc  instantiated  in  STM  based  upon 
the  robot’s  current  position  and  the  current  navigational  sub- 
goal 

The  2  I)  feat  nre  map  can  he  viewed  as  a  facet  or  appendage  of 
the  associated  meadow  map  Data  pertaining  to  the-  distinctive 
feat  tires  of  terrain,  obstacles,  landmarks  and  ol  lx  r  signifiea  t  hat 
are  embedded  wit  bin  the  meadow  map  const  it  ute  I  lie  '2- 1)  feat  it  re 
map.  The  information  stored  here  contains  the  attributes  of  the 
meadow  map's  vertices  (1-1)  representations),  lines  (2  D  image 
representations),  and  polygons  and  their  associated  obstacles  or 
free  spare  (3-D  models). 

Depending  upon  the  robot 's  current,  position,  meadows  from 
long-term  memory  are  moved  into  short-term  memory  These 
contain  information  on  landmarks  currently  visible,  features  of 
known  obstacles,  terrain  characteristics,  and  the  like.  This  data 
is  available  for  prediction  by  the  perception  subsystem  or  for 
use  by  the  pilot  for  schema  instantiation  All  meadows  visible 
from  the  robot's  current,  position  and  orientation  as  well  as  those 
expected  to  he  visible  during  the  path  traversal  will  lie  made 
current  lit  STM. 

Out  put  of  the  navigator  is  directed  to  t  he  pilot .  f  hi ■,  out  put 
consists  of  a  point  to-point  path  and  necessary  paramete  rs  and 
modes  that  will  alfe-et  the  pilot's  overall  behavior  I’-si-nt ially, 
the  navigator  is  model-driven,  (the  model  being  the-  meadow 
map),  passing  oil  its  goals  to  the  data  (sensor)-elriven  pilot  Sta¬ 
tus  informal  ion  is  re-reived  by  the  navigator  (lean  llu  pilot  in¬ 
dicating  either  the  successful  completion  or  Imbue  ol  the  e-stab- 
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hshed  goals  of  the  pilot  Upon  pilot  failure,  the  navigator  may 
initiate  replanning  without  reinvoking  the  mission  planner.  Time 
constraints  are  more  critical  for  the  navigator  than  the  mission 
planner  but  are  not  as  stringent  as  those  needed  for  the  real- 
me  requirements  of  the  pilot,  and  motor  schema  manager.  See 
6'  for  a  complete  description  of  the  navigator  and  meadow  map 
representation 

3.3  Pilot 

The  pilot’s  function  is  to  accept  a  point-to-point  path  speci¬ 
fied  by  the  navigator  and  provide  the  robot  with  suitable  motor 
behaviors  that  will  lead  to  its  successful  traversal.  The  pilot 
accomplishes  this  by  selecting  appropriate  motor  schemas  from 
a  repertoire  of  available  behaviors  (based  on  the  current  long¬ 
term  memory  context)  and  passing. them  (properly  parameter¬ 
ized)  to  the  motor  schema  manager  for  instantiation.  From  that 
point  on,  path  execution  is  turned  over  to  the  motor  schema 
manager.  During  actual  path  traversal,  the  cartographer  con¬ 
currently  builds  up  a  short-term  memory  representation  of  the 
world  based  on  available  sensor  data.  If,  for  some  reason,  the 
motor  schema  manager  fails  to  meet  its  goal  within  a  prescribed 
amount  of  time,  the  pilot  is  reinvoked  and  an  alternate  path 
is  computed  hy  the  pilot,  based  on  both  the  LTM  context  and 
STM.  Approximating  polygons  representing  sensed  but  unmod¬ 
eled  (i.e.  unexpected)  objects  are  inserted  into  the  local  ground 
plane  instantiated  meadows  and  the  convex-decomposition  algo¬ 
rithms  (used  by  the  cartographer  to  build  LTM)  are  run  upon 
them.  These  “fractured”  meadows  serve  for  short-term  path  re¬ 
orientation  by  the  pilot  and  the  basis  for  the  instantiation  of  new 
motor  schemas. 

Associated  parameters  for  the  slot-filling  of  motor  schemas 
will  be  provided  by  the  mission  planner,  navigator  and  LTM.  The 
new  commands  issued  by  the  pilot  will  result  in  moto,  schema 
instantiation  within  the  motor  schema  manager 

Typical  motor  schemas  include: 

•  Move-ahead:  Move  in  a  specified  direction. 

•  Move-to-goal:  Move  to  an  identifiable  world  feature. 

•  Avoid-st.atic-obstacle:  Avoid  collision  with  unmodeled 
stationary  obstacles. 

•  Stop-when:  Stop  when  a  specified  sensory  event  occurs. 

•  Stay-on-path:  Remain  on  an  identifiable  path  (road,  side¬ 
walk,  etc.) 

Associated  perceptual  schemas  (run  in  the  context  of  the 
motor  schema  manager)  include: 

•  Find-obstacle:  identify  potential  obstacles  using  a  par¬ 
ticular  sensor  strategy. 

•  Find-landmark:  Detect  a  specified  landmark  using  sen¬ 
sory  data  (for  managing  the  robot’s  positional  uncertainty). 

•  Find-path:  Locate  the  position  of  a  path  on  which  the 
robot  is  currently  situated  using  a  specified  sensor  strategy. 

3.4  Motor  Schema  Manager 

Distributed  control  for  the  actual  execution  of  path  travel  oc¬ 
curs  within  the  confines  of  the  motor  schema  manager  Multiple 
concurrent  schemas  are  active  during  the  robot  s  path  traversal 
in  a  coordinated  effort  to  achieve  successful  path  transition.  A 
potential  field  methodology  [13,1-1)  is  used  to  provide  the  steer¬ 
ing  and  velocity  commands  to  the  robot.  An  overall  velot  it.y 
vector  is  produced  from  the  individual  vector  contributions  of 
each  active  motor  schema.  This  vector  determines  the  desired 
velocity  of  the  rohot  relative  to  its  environment  When  each 
motor  schema  is  instantiated,  at  least  one  relevant  visual  algo¬ 


rithm  or  perceptual  schema  is  associated  with  it  F  igure  5  shows 
a  simulation  of  a  field  produced  hy  the  instantiation  of  several 
independent  motor  schemas  Additionally  various  perceptual 
schemas  are  mstantiated  to  identify  available  landmarks  (as  pre¬ 
dicted  hy  long-term  memory  and  the  current  uncertainty  in  the 
robot’s  position).  These  are  used  to  localize  the  vehicle  without 
necessarily  evoking  motor  action.  The  role  of  the  motor  schema 
manager,  the  potential  fields  representations  it  uses,  and  the  un¬ 
derlying  motivation  for  its  use  are  presented  in  7 

3.5  Navigation  Scenario 

Perhaps  the  hest  wav  to  convey  the  navigational  process 
within  AuRA  is  by  example.  Fig  4a  represents  an  LTM  meadow- 
map  model  of  the  area  outside  the  Graduate  Research  Center 
at  UMASS.  Embedded  within  this  map  (although  not  visible 
in  the  figure),  is  additional  data  regarding  landmarks,  huildmg 
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Figure  4a.  Outdoor  Meadow  Map 

This  map  represents  the  area  outside  the  Graduate  Research  Center 
when  viewed  from  above.  The  detail  level  of  this  particular  map  stored 
in  LTM  is  low  so  that  small  objects  are  treated  as  unmodeled  obstacles 
for  global  path  planning  purposes. 


Figure  4b.  Global  path  construe  ed  try  navigator 

An  A’  search  algorithm  is  used  to  search  the  midpoints  and  edges  of 
the  bordering  passable  meadows  to  arrive  at  the  global  path. 


surfaces  terrain  characteristics,  etc.  This  includes  specific  visual 
cues  to  assist  the  robot  during  its  path  traversal. 

Suppose  the  robot  is  given  the  command  to  go  from  its  cur¬ 
rent  position  (outside  the  GRC  low-rise)  to  meet  Professor  X. 
Available  weather  data  indicates  that  the  grassy  regions  are  cur¬ 
rently  impassable  (the  ground  is  muddy  due  to  rain),  and  the 
robot  must  restrict  its  travel  to  the  concrete  sidewalks  or  the 
gravel  path.  The  mission  planner,  recognizing  this,  sets  the 
traversability  factors  for  the  grassy  regions  to  IMPASSABLE, 
locates  the  fact  that  Prof.  X’s  olfice  is  in  the  East  Engineering 
(EE)  budding,  determines  that  he  is  likely  to  be  in  his  office  at 
this  time  (by  referring  to  the  current  time  of  day  and  the  day 
of  week)  and  then  invokes  the  navigator  to  determine  a  path 
from  the  robot’s  current  position  to  the  door  of  the  EE  building. 
We  II  ignore  the  indoor  navigation  issues  for  the  purposes  of  this 
paper. 

The  navigator,  based  on  the  instructions  from  the  mission 
planner,  determines  a  global  path  that  satisfies  these  goals  using 
an  A'  search  algorithm  through  the  meadow  boundaries  (fig.  db 
-  see  [6]  for  the  details  of  how  this  is  accomplished).  This  path 
consists  of  5  legs,  the  individual  piecewise  linear  components  of 
the  path  Let’s  look  particularly  at  leg  3,  where  the  robot  is 
to  follow  the  gravel  path  (i.e.  assume  the  robot  has  successfully 
traversed  the  first  2  legs  of  this  path).  The  pilot  receives  the 
message  to  travel  from  point  M,  representing  the  center  of  prob¬ 
ability  of  the  robot’s  current  position,  to  N,  the  end  of  the  gravel 
path. 

The  pilot  now  has  available  in  short.-term  memory  “instanti¬ 
ated  meadows”  (i.e.  those  LTM  meadows  over  which  the  robot 
is  expected  to  pass  during  this  particular  leg  of  the  journey,  and 
several  additional  visible  adjacent  meadows,  all  provided  by  the 
cartographer).  From  this  LTM  data,  the  pilot  extracts  the  fol¬ 
lowing  relevant  facts: 

1.  Path  -  The  robot  is  to  travel  over  a  gravel  path  bordered 
on  either  side  by  grass. 

2.  Landmark  -  At  the  end  of  the  path,  near  where  the  robot 
is  to  turn,  is  a  lamppost. 

3.  Landmark  -  Off  to  the  right  of  the  path  appears  a  bright 
red  fire  hydrant  (a  readily  discernible  landmark). 

4.  Landmark  -  To  the  left  of  the  path,  the  robot  will  pass  the 
GRC  tower,  a  16  story  building  (another  good  landmark). 

5.  Obstacles  -  It  is  possible  (as  always)  that  people,  cars  or 
unmodeled  obstacles  may  be  present  on  the  path  (either 
stationary  or  moving). 

6.  Goal  -  At  the  end  of  this  path  there  is  a  change  in  terrain 
type,  from  gravel  to  concrete. 

1  is  useful  for  a  path  following  strategy,  2  and  6  are  useful  for 
goal  recognition,  1.2, 3, 4. 6  are  usiful  for  localization  purposes, 
and  1  is  necessary  for  obstacle  avoidance. 

From  this  information,  the  pilot  determines  that  appropriate 
behaviors  for  this  particular  leg  (travel  across  the  gravel  path) 
include: 

A.  Stny-on-path(firid-path(gravel)) 

B.  Move-ahead  (NNE  -  30  degrees) 

C.  Move-to-goaI(right(find  J;indninrk(LAMI’POST  107), 3)) 

D.  Move- 1 o-goal (find- t.rans itio n- zon<*( gravel, concrete)) 

E.  Find-landniark( HYDRANT  2) 

F.  Find-landinark(GRC.TOVVER(face  3)) 

G.  Avoid-obstacles 


Motion  is  first  initiated  bv  the  move-ahead  schema,  direct¬ 
ing  the  robot  to  move  in  a  particular  direction  in  global  coordi¬ 
nates  in  response  to  the  pilot’s  need  t.o  satisfy  the  navigators 
subgoal  to  move  to  point.  N.  This  heading  is  based  on  informa¬ 
tion  contained  within  the  spatial  uncertainty  map  that  reflects 
the  uncertainty  in  the  vehicle  s  position  and  orientation  relative 
to  the  world  map  as  well  as  t  he  specific  direction  ol  this  particu¬ 
lar  path  leg.  It  is  not  critical  that  the  heading  be  exactly  correct- 
indeed  significant  error  can  be  tolerated  due  to  the  presence  of 
the  stay-on-path  motor  schema.  As  soon  as  a  move-to-goal 
schema  becomes  active  (due  t,o  the  recognition  of  the  goal  the 
lamppost  and/or  terrain  type  transition  zone),  the  move-ahead 
schema  is  deinstantiated  in  favor  of  it.  Motor  actions  produced 
by  the  move-ahead  schema  and  move-to-goal  schema  are  mu¬ 
tually  exclusive. 

Stay-on-path(find-path(gravel))  yields  2  perceptual  sub¬ 
schemas  for  one  motor  schema:  find-path-border  using  a 
line-finding  algorithm  to  detect  the  position  of  the  path  s  edges, 
and  segment-path,  a  perceptual  schema  that,  uses  region-based 
segmentation  to  locate  the  s  atial  extent  of  the  path.  Through 


Figure  5,  Potential  fields  produced  during  leg  traversal 
The  arrows  represent  the  desiied  velocity  vectors  that  constrain  the 
robot’s  motion. 

a)  Before  tile  goal  is  identified,  the  move-ahead  ami  stay-on-path 
Sis  conduct  the  robot  on  its  wav.  A  single  obstacle  S|  is  present. 

b)  After  the  goal  is  identified,  tin-  niove-t o-goal  SI  lepluces  the  move- 
ahead  SI,  Two  obstacle  Sis  are  shown  .is  the  goal  is  approached. 


the  combined  efforts  of  these  cooperating  schemas  the  position 
of  the  path  relative  to  the  robot  is  ascertained.  As  a  result,  of 
the  posted  path  position  the  stay-on-pat.il  motor  schema  pro¬ 
duces  an  appropriate  velocity  vector  moving  the  vtdnole  towards 
the  center  of  the  path  (fig  5a). 

We  will  define  a  schema  instantiation  (SI)  to  be  the  activity 
of  applying  a  general  class  of  schemas  to  a  specific,  case  7  53 
The  lamppost  at  the  end  of  the  path  results  in  the  creation 
of  a  find-landmark  schema(s)  dedicated  to  finding  LAMP- 
POST  107  whose  model  is  extracted  from  LT.Vl  via  the  instan¬ 
tiated  meadows  in  STM.  This  find-landmark  schema  directs 
the  sensor  processing  hy  instantiating  a  VISIONS  perceptual 
schema  and/or  looking  for  particular  strong  vertical  lines  in  a 
given  portion  of  the  image  and/or  utilizing  any  other  relevant 
sensor  algorithm.  Every  time  a  potential  LAMPPOST  107  is 
found  in  the  image  (perhaps  evidenced  by  n  pair  of  st  rong  par¬ 
allel  long  vertical  lines  in  an  appropriate  window  of  the  image)  a 
i.ew  LAMPPOST  '07  SI  is  created  and  monitored  independently 
of  all  other  similarly  created  LAMPPOST  107  schema  instanti¬ 
ations.  When  sufficient  supportive  data  is  available  confirming 
that  one  of  the  Sis  is  highly  probable  to  be  the  landmark  desired 
all  other  LAMPPOST  107  Sis  are  deinst.antiated  (or  placed  into 
hibernation)  and  the  appropriate  motor  schema  (move-to-goal) 
starts  producing  a  velocity  vector  directing  the  robot,  to  a  point. 
3  feet  to  the  right  of  the  identified  lamppost  If  the  certainty  in 
the  current  LAMPPOST  107  drops  below  a  certain  threshold, 
other  Sis  may  be  activated  or  created  in  response  to  particular 
visual  events  that  correlate  to  the  lamppost’s  model  Addition¬ 
ally,  output  from  the  find-landmark  schema  is  used  to  update 
the  robot’s  spatial  error  map,  independent  of  any  motor  action 
that  may  result  from  the  move-to-goal  SI. 

The  move-to-goal(find-transition-zoiie( gravel, concrete)) 
SI  is  handled  in  a  similar  manner,  but.  different,  perceptual  sch¬ 
emas  are  instantiated  and  the  image  is  searched  in  different,  re¬ 
gions.  Texture  measures  for  gravel  are  of  value  as  well  as  the 
presence  of  a  strong  horizontal  line  within  the  boundaries  of  the 
path.  The  move-to-goal  schema  contains  an  implicit  stop- 
when  schema,  so  when  the  target  is.  reached  the  pilot,  is  not. died 
that  the  goal  has  been  achieved  and  the  next,  leg  can  he  under¬ 
taken. 

The  fiml-laiidmarkfllYDRANT  2)  schema  might  involve  a 
color-based  segmentation,  tagging  all  bright  red  blobs  in  a  part  ic¬ 
ular  portion  of  the  image  as  a  potential  fire-hydrant.  Ultimately 
size  and  shape  from  a  model  of  the  hydrant  would  be  brought  into 
focus  to  confirm  the  hypothesis  to  prevent  incorrect  identifica¬ 
tions  (e.g  a  red  car,  or  a  person  with  a  red  coat).  Once  identified, 
this  hydrant  is  then  used  to  reduce  the  unccrl  ainl.y  in  file  robot’s 
position  (i.e.  localization).  Vie  same  kind  of  operation  would  he 
involved  in  fiml-lanclrnnrk(GRC  TOWKRffaco  3))  but  instead 
of  using  color  as  the  primary  agent  for  hypothesis  formation,  a 
strong  vertical  line  (the  building  is  10  st.oiies  high!)  or  a  corner 
silhouetted  against  the  sky  would  be  more  suitable  as  tV  main 
strategy. 

The  avold-obstacles  schema  is  actually  active  most  of  the 
time.  Simply  put,  t.hc  image  is  windowed  in  t.lve  direction  of 
the  robot’s  motion  and  if  any  unusual  events  occur  in  that  area 
(e.g.  change  in  texture,  color,  strong  line,  etc.)  an  obstacle  SI 
is  associated  with  that  particular  event.  That,  portion  of  the 
image  is  monitored  over  t.ium  hy  the  obstacle  perceptual  SI  to 
try  to  confirm  or  disprove  the  hypothesis  that,  the  visual  event 
is  truly  an  obstacle.  Concurrent,  with  the  instantiation  of  the 
obstacle  perceptual  schema  is  the  instantiation  ol  an  avoid- 
obstacle  motor  schema.  If  the  monitored  obstacle’s  certainty 
becomes  sufficiently  high  and  the  robot  enters  within  the  sphere 
of  influence  of  the  obstacle,  then  a  repulsive  velocity  field  is  pro¬ 
duced  by  the  avoid -obstacle  SI  altering  the  robot's  course.  If. 
on  the  other  hand  the  hypothesized  obstacle  eventually  is  deter¬ 
mined  to  be  a  phantom  and  not  a  real  obstacle  at  all,  both  the 


perceptual  and  motor  schemas  arc ■  deinslanl  iated.  When  i  ac¬ 
tive  obstacle  passes  out, side  of  t  he  influence  of  the  vc  ich  Os  Sis 
are  deinst.antiated  as  well.  Nonetheless,  information  about  the 
obstacle’s  posit  ion  is  maintained  in  STM  by  t  he  cartographer  it 
least  for  the  duration  of  the  leg  traversal. 

Figure  5  shows  a  potential  field  simulation  representative  of 
the  robot  traversing  an  obstacle  studded  path  ns  above  tl  ire 
details  regarding  the  interaction  and  operation  ol  the  motor 
schemas  in  AuR\  can  be  found  in  7 

4.  VISIONS  and  AnRA 

Scene  interpretation  lias  long  been  a  primary  research  effort 
within  the  VISIONS  group  at.  the  University  of  Massachusetts 
A  considerable  literature  exists  describing  the  progress  to  date 
[1 ,2,23,24,29,31]  The  remainder  of  I  his  sect  ion  will  first  describe 
briefly  the  operation  of  the  schema  system  followed  hy  the  role 
that  the  schema  system  ran  play  in  mobile  robot  navigation.  It 
should  be  understood  from  the  onset  that  schema-based  seem 
interpretation  is  currently  a  very  tinie-consmmng  and  rompn 
tationally  expensive  process.  Work  is  underway,  however,  to 
provide  parallel  hardware  (the  l  MASS  Image  l  nderstaiidiug 
Architecture  |29,30j)  to  speed  up  this  process  by  several  orders 
of  magnitude.  Additionally,  available  n  priori  knowledge  pn  cut 
in  LTM  can  be  used  to  guide  schema  instant. iatjini  and  reduce 
the  processing  requirements  dramat  ically. 

4.1  The  Schema  System 

The  VISIONS  srliema  system  accepts  an  image  as  input  and 
produces  a  labeled  interpretation  of  the  observed  environmental 
objects  (fig.  6)  and,  t.o  the  degree  possible,  a  3-1)  representation 
of  t.he  environment  There  are  3  levels  of  processing  available  ill  i 
lizing  both  bottom- Up  and  top-down  processing  (lig.  7)  Liking 
a  bottom-up  view'  first,,  the  low-level  processes  operate  on  pixel 
level  data  producing  an  intermediate  symbolic  representation  of 
lines,  surface  and  volume  tokens.  At  the  highest  level,  schema 
processes  exist  which  interpret,  and  collect  the  iiitormedial e  rep¬ 
resentations  into  labeled  objects. 

If  no  top-down  guidance  wa.s  available,  it  would  be  virtually 
impossible  for  the  system  to  converge  on  an  acceptable  inlerprr 
tation  Perceptual  schemas  (m  the  context  of  VISIONS)  post 
hypotheses  about,  what  specific  image  events  mean  Each  liigldv 
rated  hypothesis  guides  intermediate  and  low  level  piSircsvs  in 
an  effort  t.o  find  self-support  ing  evidence.  I'll  is  lop-down  guid 
ance  brings  the  intermediate  and  low-level  processing  require 
ments  down  to  tolerable  levels.  If  the  t  Hypothesis  cannot  find 
sufficient  support,  or  is  contradicted  by  other  dal  a  it  is  deinsl  an- 
t.iat.ed.  On  the  other  hand,  if  sulfieionl  support  lor  a  hypothesis 
is  available,  that,  particular  portion  of  the  image  will  be  labeh  d 
as  being  associated  with  a  particular  environment  a  I  object  and 
inference  mechanisms  can  direct  further  semantic  prori  mg 

It  is  cpiit.e  difficult  to  describe  the'  operation  of  It 
system  in  a  few  paragraphs.  It  is  hoped  I  lint  tin  inter  ted 
reader  will  refer  to  the  more*  comprehensive  descriptions  cited 
above  [esp.  29,31  for  a  better  underst  auding  of  its  operation 

4.2  Utilization  of  VISIONS  Sclionms  m  Mobile 
Robotics 

The  principal  test  domains  t.o  date  for  \  1 S I  >  i 

based  scene  interpretation  have  liee.ii  liiStise  scene  in.d  r  ad  si  n 
es(fig.O).  These  efforts  have  boon  predominant l\  min  lin'd  with 
full  scene  labelings  wit  li  fc  w  specific  expert  a  ions  esl  abhslied  h  r 
the  particular  image  or  environment  in  quo  turn  nth  Inni 
being  a  house  or  roaci  scene  (i  e  there  is  no  war  1 1 - m 

domain) 
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units  is  manageable.  The  emphasis  is  nn  modularity.  New  world 
representations  ran  be  embedded  in  LTM  through  the  use  of  the 
feature  editor,  providing  for  extensions  that  may  be  needed  by 
new  algorithms. 

A  rommon  thread  running  through  many  of  t  he  algorithms  is 
their  ability  to  be  decomposed  into  two  phases  st.art-up  (boot¬ 
strap)  and  update  (feedforward).  The  st.art-up  phase  performs 
more  slowly  and  has  less,  if  any,  a  priori  knowledge  to  work 
from.  The  start.-»p  proress  produces  initial  region  seed  statis¬ 
tics,  depth  information,  line  orientation,  etc.,  which  ran  be  used 
t.o  advantage  in  subsequent  frame  analysis.  The  update  stage 
uses  the  information  provided  from  the  st.art-up  phase  t.o  re¬ 
strict.  the  possible  interpretation  of  image  events  and  limit,  the 
search  area  for  those  events,  thus  reducing  processing  time  sig¬ 
nificantly,  The  initial  output  of  the  start-up  phase  is  updated 
after  each  processing  run  and  is  fed  forward  to  provide  a  basis 
to  guide  analysis  of  the  next,  image 

The  remainder  of  this  section  will  discuss  some  of  the  sen¬ 
sor  algorithms  that  exist,  or  are  being  developed  for  use  within 
AnRA.  The  emphasis  will  be  on  visual  processing,  but  some 
work  already  has  been  accomplished  using  ultrasonic  data  as 
well.  The  imaginative  reader  will  undoubtedly  think  of  other 
approaches  and  other  sensors  that  can  be  used  within  a  system 
such  as  AuRA.  The  strategies  described  below  are  not  exhaus¬ 
tive,  but  rather  they  represent,  the  current  initial  elements  being 
introduced  by  VISIONS  researchers  for  use  within  this  frame¬ 
work 

5.1  Lino  Extraction 

bine  extraction  has  the  potential  for  multiple  uses  within 
AuRA.  These  include  path  edge  extrartion  for  use  by  stay- 
011-path  schemas  landmark  identification  for  find-landmark 
schemas,  and  as  a  texture  measure  for  terrain  identification. 
Of  these,  the  first  two  are  currently  being  developed  for  use 
in  AuRA.  The  remainder  of  this  section  will  first  describe  the 
fast  line  finding  algorithm,  and  then  its  application  to  both  path 
following  and  localization  purposes. 

5.1.1  Fast  Lino  Findor  (FLF) 

A  fast,  line  tinder  based  on  Hums'  algorithm  15)  has  been 
developed  by  Kahn,  Kitchen  and  Hiseinan.  It  is  a  two  pass  al¬ 
gorithm  which  first,  groups  the  image  data  based  upon  coarse 


quantization  bnrkets  of  gradient  orientation  into  edge-support 
regions.  This  grouping  process  collects  pixels  of  similar  gradi¬ 
ent  orientation  into  separate  regions  via  a  connected  components 
algorithm  The  gradient,  magnitude  does  not  affect  the  line  ex¬ 
traction  process.  A  line  is  then  fitted  to  the  resultant  edge  sup¬ 
port  region  FLF  differs  from  the  original  Hums’  approach  by 
simplifying  the  specification  of  t. lie  gradient,  orientation  luirkets 
and  the  extraction  of  the  representative  line  for  each  edge  sup¬ 
port  region.  Many  of  the  el.  t.ary  computations  can  he  sped 
up  further  through  the  use  <  onvent  ional  pipeline  processor 
which  supports  a  look-np  table  and  convolution  processing. 

Fragmentation  of  a  potentially  long  image  line  often  orrurs 
if  no  a  priori  knowledge  is  available  regarding  the  approximate 
orientation  of  the  line  in  the  image.  The  likelihood  of  extracting 
a  particular  long  line  increases  by  tuning  the  bucket’s  orienta¬ 
tion  to  be  centered  on  the  anticipated  orientation  of  a  road  edge 
or  other  line  model  in  the  image  through  the  use  of  acailahlc 
knowledge  extracted  from  LTM  or  previous  images. 

A  kpy  concept,  is  action-oriented  perception ,  performing  only 
that  computation  which  is  necessary  for  the  specific  task  at  hand. 
Features  available  within  the  FLF  algorithm  to  support,  this  con- 
eppt  are  described  in  the  remainder  of  t  his  paragraph  I  Iiese 
features  include  the  ability  t.o  scope  I  lie  image  (i.e,  perform  line 
extraction  on  a  snbwindow  of  Ihc  image),  if  the  robot,  has  an 
approximate  knowledge  of  the  position  of  the  line  feature  be¬ 
ing  sought,  (derived  from  LTM,  the  spatial  error  map  anil  or 
previous  images),  substantial  processing  reductions  can  be  at¬ 
tained  by  ignoring  those  portions  of  the  image  where  the  feature 
is  unlikely  to  orriir  In  addition  to  orientation,  the  I'  El'  ran 
be  adjusted  t.o  filter  lines  based  on  gradient  magnitude,  disper¬ 
sion,  size  of  the  region,  and  length  Hy  adjusting  these  filters 
in  advance,  based  on  the  features  desired  t  .p.  short  lines  for 
text.nre,  or  long  lines  for  roads)  unnecessary  po  '•easing  ran  he 
minimized  A  secondary  filtering  procedure  is  also  available  for 
removing  lines  after  t, he  fast-line  finder  has  been  run,  making  it 
possible  to  rollcrt.  different,  sets  of  lines  with  dillereiit,  character- 
istirs  with  only  a  single  rim  of  the  more  t inie-c  unsmiling  1 1  I' 
This  is  possible  because  when  the  lines  are  produced,  statistics 
regarding  each  line  are  collected  and  stored  wit.li  the  endpoint 
data  for  later  reference 

Figure  8a  is  an  image  of  a  sidewalk  scene,  figure  81)  shows 
the  results  of  the  FLF  using  t  he  default  bucket  orient  al  ion  for  the 
entire  image,  and  lig.  8c  shows  t  hi’  results  with  t he  bucket s  timed 
and  scoped  to  the  anticipated  road  edge  based  upon  the  internal 


model  of  the  vehicle  position  nnd  orientation,  while  fig.  8d  shows 
t  Iip  results  a  it, h  the  buckets  timed  to  horizontal  and  vertical 
edges  liltering  to  retain  longer  lines  and  v  ith  the  image  scoped 
above  the  horizon. 


5  1.2  ]’  itli  Following 

Fsirig  lint'  following  to  extract  path  boundaries  rerpi t res  the 
giantping  of  resultant  I  I  I'  line  fraginents  into  a  single  line  repre¬ 
senting  each  path  edge.  No  elforl,  is  being  made  to  condition  or 
modify  existing  p  il.lis  t.o  intake  this  process  easier  (e  g.  by  adding 
stripes,  (  leaning  etc .) .  I  lie  grouping  si  rategy  used  must  be  able 
to  deal  wit  It  fragment  at  ion  an  I  edge  diseont  utilities,  snrli  as  path 
intersect  ions,  leaves,  eta 

If  the  nncert  flint  y  of  the  vehicle  is  within  reasonable  limits, 
pta'dii  i. foils  of  t  he  posit  ton  and  oriental  ion  of  t  he  road  lines  in  the 
image  plane  ran  he  made.  \s  described  above,  there  are  two  dis- 
titu  I  components  of  mad-following  (see  also  |d|):  the  bootstrap 
or  start  up  phase  where  the  road  edge  is  determined  in  the  im¬ 
age  for  the  first  time;  and  the  fet'd  forward  or  update  phase  - 
when  t  previous  image  is  used  t.o  guide  the  processing  for  the 
next  image.  I  ine  lending  is  not  necessarily  the  best  strategy 
for  initially  lindiiig  the  roads  position.  Nonetheless  it  can  he 
reasonably  effective  if  the  road  appears  on  a  global  map  of  the 
terrain  and  then  is  approximate  informal  ion  about  the  vehicle's 
position  and  orientation  I  hose  are  both  present  within  AnRA, 
in  I  I’M  and  the. spatial  error  map  respectively* 

The  feedforward  phase  assumes  that  the  approximate  posi¬ 
tion  of  the  road  was  known  In  the  last  image.  'I  bis  information, 
when  coupled  with  the  commanded  translation  and  rotation  the 


robot  has  undertaken  since  the  last  nnage  acquisition,  can  he 
used  to  predict  wdiere  and  at  what  orientation  the  mad  edges 
will  occur  in  the  newly  acquired  image  As  anyone  who  has 
worked  with  mobile  robots  knows,  the  mot  ion  that  a  robot  ac¬ 
tually  takes  may  differ  quite  significantly  from  that  which  it  was 
commanded  to  perform  Consequently  t  here  must  he  a  consid¬ 
erable  margin  for  error  in  these  predictions  if  the  algorithm  is 
expected  to  be  robust.  Additionally,  there  must  he  some  mea¬ 
sure  of  the  confidence  i ri  the  line  produced  representing  the  road 
edge 

Path  edge  grouping  proceeds  as  follows:  The  buckets  are 
tutted  based  on  the  anticipated  position  of  the  road  edge  in  feed¬ 
forward  mode  m  bootstrap  mode  either  LTV!  or  I  lie  default 
buckets  would  he  used  The  fast  line  finder  is  then  run.  produc¬ 
ing  line  fragments  in  the  approximate  orientation  of  the  path 
edge  (fig.  9a)  These  fragments  are  then  filtered  based  on  their 
distance  from  I, he  anticipated  image  line  and  the  expected  ori¬ 
entation  of  either  the  right  or  left,  edge,  Again  the  amount  of 
tolerance  allowed  is  controllable.  This  yields  two  sets  of  line 
fragments  (one  for  each  path  edge  -  fig.  9b-r)  All  the  fragments 
above  the  vanishing  point  of  the  road,  (obtained  from  feedfor¬ 
ward  information)  are  discarded.  The  center  of  mass  of  the 
midpoints  of  remaining  line  fragments  is  computed,  each  mid¬ 
point  weighted  by  the  length  of  the  fragments  themselves.  The 
average  orientation  is  computed  in  a  similar  manner  The  resttll- 
iug  point,  on  the  hue  and  computed  line  orientation  determine 
the  line  equation  for  each  road  edge.  The  left  and  right,  edges 
are  then  used  to  compute  the  road  centerline  (fig  !!d)  The  cen¬ 
terline  is  the  basis  for  determining  he  rotational  deviation  of 
the  vehicle  relative  to  the  road's  vanishing  point  as  well  as  the 
translational  deviation  from  the  road  centerline.  These  newly 


Figure  8,  Fast  Line  Finding 
n)  Original  side.., .Ik  image, 
h)  Default  bucket  orientation, 
c)  Thickets  tuned  to  road  edges. 

(1 )  ISickets  hilled  to  long  vertnal  and 
horizontal  lines  above  hoiizon. 
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Figure  10.  Hoad  extraction  via  region  segmentation 
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egy  for  AhRA.  Pho  motion  rrsearch  group  within  VISIONS  has 
long  explored  the  extraction  of  depth  from  molion  |A(l!),i!d] 

A  more  recent  algorithm,  developed  by  ifliarwani  liiseman  anil 
Hanson,  uses  a  sequi  nee  of  frames  to  incremental!)  reftin  posi 
tional  estimates  of  ibjert.s  over  time.  It  can  be  used  m  mobile 
robotics  for  obstacle  avoidance,  position  localization,  and  as  <  \ 
idence  in  object,  identification 

5.3.1  Algorithm 

A  brief  sketch  of  t, he  multiple  frame  deptli  from  motion  al¬ 
gorithm  developed  by  Kliarwani  Ifiseman,  and  II  nson  follows 
The  reader  is  referee  I  to  [21,38]  lor  the  details  of  this  approach 
The  algorithm  allows  refinement  of  depth  over  time  up  to  some 
detectable  limit  while  maintaining  a  constant  compnt.-it ional 
rate  This  is  very  important  for  real  time  processing. 

I  he  problem  of  recovering  depth  from  mot  ion  in  a  sequence  of 
images  again  involves  the  decomposition  of  the  problem  int-i  two 
components:  start  up  and  updating.  This  algorithm  makes  the 
assumption  that,  l  lie  camera  is  undergoing  pure  translational  mo¬ 
tion  and  I, lie  position  of  I, lie  focus  of  expansion  (I  OK)  is  known 
within  some  reasonable  estimated  degree  of  accuracy.  (These  as¬ 
sumptions  are  not  necessarily  safe  when  using  real  world  images. 
P-ame  registration  and  FOK  recovery  are  problems  that  need  to 
be  solved.  A  discussion  appears  in  see.  ,r>.,'!.2).  This  implies  that 
the  image  displacement  paths  for  a  static  environmental  feature 
are  constrained  to  move  in  a  straight,  hue  emanating  radially 
from  the  FOK.  An  interest  operator  is  used  to  extract  points 
of  high  curvature  and  contrast,  in  the  image  that,  are  unlikely 
to  correlate  well  with  false  match  point. s  in  bit, urn  frames,  it  is 
assumed  that,  the  Obstacles  or  landmarks  will  exhibit  some  such 
points  on  their  boundaries.  This  is  probable  if  the  backdrop 
is  bland  (e.g.  the  road  itself)  or  by  deliberately  retrieving  only 
“interesting”  landmarks  front  I.TM.  However,  it  should  be  cx 
peek’d  that,  interest  points  will  be  extracted  from  relevant  and 
lion-relevant,  image  events. 

The  correspondence  problem  is  the  principal  dillicnlty  how 
ran  one  be  sure  that  the  feature  in  one  frame  corresponds  to 
the  same  feature  in  the  next  frame  after  l  lie  robot  has  under¬ 
gone  translation.  The  start-up  phase  involves  finding  initial  cor¬ 
rect,  feat, me  correspondciH  i  s  between  the  lirst  two  frames,  while 
the  update  phase  involves  the  use  of  the  start, -tip  analysis  and 
the  consequent,  approximate  depth  values  to  restrict  the  search 
area  for  corresponding  matches  at  a  higher  match  resolution  in 
subsequent  frames,  thus  reducing  computation  and  providing  re¬ 
finements  of  the  original  depth  estimates.  Work  by  Snyder  22|, 
addressing  the  limits  of  iinrertairit.y  in  this  type  of  motion  is 
fundament al  to  ellieient,  use  of  previous  correct  correspondences 
in  constraining  the  match  in  future  frames. 

Assuming  t  he  robot,  is  traveling  at  a  known  velocity,  t  hi*  pixel 
displacements  found  between  the  lirst  two  images  of  a  sequence 
(st.art.-Hfi)  can  be  nseo  to  fnrUvr  reduce  the  search  lor  foal.ii re 
matching  in  successive  frames,  once  the  images  have  been  regis¬ 
tered  so  that,  iion-t  ranslatfcMial  motion  of  the  camera  has  been 
subtracted  out  Known  sensor  motion  leads  to  n  const  mint,  mi 
the  match  path  and  approximate  depth  (Irmn  start-up)  con¬ 
strains  the  port, ion  of  the  path  to  be  matched.  1  rogressive  re- 
hiioment.s  can  be  made  in  tin1  est nnat.ioii  of  feat, lire  displai  euient 
and  lienee  distance  to  a  relevant  feature 

Dilferent  strategic  such  as  hist  ogrammmg  the  collection  if 
points  on  the  basis  of  depth  determining  orientation  of  surfaces 
based  upon  the  depth  ofsever.il  points  on  associated  regions,  or 
identifying  landmarks  by  correlating  dislanci  from  the  viewer 
with  the  nhji  ts  in  the  environmental  map  in  I  I'M,  can  be  used 
to  extract  objects  from  the  environment  i'lli*  data  can  then  be 
used  to  provide  information  to  tin  motor  schema  manager  lor 
effect  ing  evasivt  act  ion  in  the  case  of  obst  aides  or  lor  i  sc  in  local¬ 
ization  in  the  case  of  landmark  location  I  lie  specific  application 
of  this  technique  to  both  of  these  cases  appears  below. 


Figure  12.  Deptli  from  Motion  Results 
a  1  )  Two  imago  siMpienri’  (ill.  I  anoo  travolod  is  (t  III) 
c)  Interest  points  tin  km  I  (from  image  1) 

I  lie  slops  arc  al  list, 'lire  of  |.'t..T  meter  in  Irani*  (a).  The  M 
f,  |  i  l,t,  nitric  I  points  a  a, it.  I  with  I  lie  slops  an-  unlim  Id  pel 
i  if  1  ho  gl  on  at  1 1  nl  li . 

If"  <>111  |28|)  (imago  so.pn-iu  o  fi  In  f'Mf  k'i  regal  or) 
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.r>.3.2  Applications 

A  primary  goal  of  the  dopt.h-from  motion  algorithm  is  to  he 
able  to  provide  information  about  the  distance  of  an  object  lying 
in  tile  path  of  tin  robot,.  In  obstacle  avoidance  applications 
computat  ional  requirements  can  lie  made  tractable  by  restricting 
the  processing  to  interest  points  (i  c.  trackable  image  points  of 
high  contrast,  and  curvature)  and  only  to  those  that,  ire  lying 
within  the  current,  path  of  the  robot,. 

I  ignre  12  illustrates  sonic  preliminary  result, s  of  using  the 
depth  from  Hint  ion  algorithm  for  obstacle  avoidance,  It  can  be 
sen  that  the  results  (accuracy  within  H)°?i  in  t,ho  recovery  of 
obstacle  depth),  indeed  look  promising  although  continual  re¬ 
search  effort  will  he  made  to  validate  the  initial  results,  flic 
biggest  problems  encountered  in  the  use  of  t  his  algorithm  in  mo¬ 
bile  robotics  include  first,,  accurate  recovery  of  the  FOE,  which 
cart  be  minimized  t  hrough  accurate  calibration,  and  second,  en¬ 
suring  registration  of  the  images.  Stabilizing  the  camera  with  a 
gyroscopic  platform  affords  a  hardware  solution  t,o  the  registra¬ 
tion  problem.  A  soft  ware  solution  can  be  achieved  by  applying 
the  correlation  matching  process  to  points  near  and  above  the 
horizon,  i.e.  distant  (hence  relatively  nnmoving)  features  that 
can  be  registered  from  frame  to  frame.  The  algorithm  is  quite 
sensitive  to  rotation  so  every  effort  should  lie  made  to  minimize 
nr  eliminate  arty  pitch,  roll,  or  yaw'  movements  of  the  camera 
relative  t.n  the  scene. 

The  motion  algorithm  can  be  used  for  landmark  identifica¬ 
tion  as  well.  'I  his  is  actually  a  simpler  task  than  obstacle  avoid¬ 
ance  m  many  respects  due  to  the  availability  of  LTM  knowledge 
to  guide  processing  in  a  trip-down  manner.  The  approximate  dis¬ 
tance  of  a  known  landmark  to  the  vehicle  in  a  restricted  port  ion 
of  the  overall  image  restricts  the  computation  required  substan¬ 
tially  When  approximate  ranges  for  the  distanre  to  an  obstacle 
ail  known,  the  algorithm  will  perform  more  robustly  than  when 
uuderconstrained.  Portions  of  the  image  can  be  searched  that 
are  outside  of  the  obstacle  avoidance  regions,  As  these  are  usu¬ 
ally  further  from  the  FOE  t  han  points  in  the  robot’s  direction  of 
motion,  greater  pixel  displacements  will  occur  and  hence  better 
results  in  t  he  de  pt  h  analysis.  There  is  also  a,  bottom-np  strategy 
-  obtain  I  In  depth  of  a  subset  of  point, s  that  are  on  an  antici¬ 
pated  object,  and  t  he  expected  surface  orientat  ion  from  STM  and 
sear  lt  the  depth  points  returned  for  a  match.  By  overlapping 
region  and  line  information,  signs,  buildings,  telephone  poles, 
etc.,  could  he  located  within  I, he  robot’s  frame  of  reference. 

5.4  Interest  Operators 

Interest,  operators  are  used  t  'niputcr  vision  to  pick  out 
pixels  associated  with  regions  or  n  t  curvature  and  contrast,. 

T  lie  Moravcc  operator  [25]  and  the  Kitchen- Rosonfcld  gray-level 
corner  deleetion  interest,  operator  [26]  arc  two  well-known  ex¬ 
amples.  the  depth  from  motion  algorithm,  described  in  section 
5.3,  uses  an  interest  operator,  (currently  Moravcc ’s),  to  deter¬ 
mine  the  points  on  which  to  run  the  correspondence  algorithms 
front  frame  to  frame. 

Interest,  operators  are  quite  primitive  as  a  stand-alone  meth¬ 
od  for  obtaining  information  for  navigation.  Their  primary  ad¬ 
vantage  is  speed  By  combining  knowledge  available  front  long¬ 
term  memory  w  it  h  image  data,  it,  becomes  possible  to  use  int, crest 
operators  to  confirm  the  position  of  landmark  corners.  A  elear- 
ent,  example  would  be  the  position  of  a  building  corner  against 
the  sky  When  combined  with  knowledge  from  the  robot's  posi¬ 
tional  error  map  and  available  dal  a  from  I /I'M  ,  this  met  boil  can 
be  used  in  restricted  circumstances  to  confirm  the  position  of  a 
real  corner  as  predicted  by  the  line-finding  intersection  method 
(sec.  >.1.3).  A  succinct  description  of  I, he  Moravcc  operator  ap¬ 
pears  in  27 1  for  those  readers  unfamiliar  with  its  operation. 


As  the  interest,  operator  provides  a  measure  4  distinctive¬ 
ness,  (how  different  the  pixel  region  is  from  its  surroundings)  t  he 
Moraver  operator  can  also  be  used  as  a  t, rigger  event  for  sp  tw  i. 
tng  avoid-obstaclo  schema  instant iat ion*  When  distinc  i\ 
events  occur  against  I, he  relatively  nucha,  mug  road  backdri  | 
this  would  indicate  a  potential  obstacle  I'll  low-eo  t  focus  of 
attention  mechanism  permits  the  concent  rat  ion  of  higher-cost 
computational  effort  in  such  likely  sit, at, ions 

6.  Summary 

AttRA  is  a  mobile  robot  system  architecture  that  |  n  ides 
the  flexibility  and  extensibility  t.hat  is  needed  for  an  .  x|  criim  n 
t.al  testbed  for  robot  navigation,  By  allowing  for  the  incorpo¬ 
ration  of  a  prion  knowledge  in  long  term  memory,  i  variety  of 
different  perceptual  strategies  can  he  brought  to  hi  ir  by  the 
robot  in  achieving  its  navigational  goals.  In  particular,  the  inch 
vidua!  motor  schemas  and  their  associated  perceptual  schemas 
can  be  added  or  deleted  from  the  ove  rall  system  without  fuve  ing 
a  redesign. 

A  hierarchical  planner  determines  I  he  initial  route'  as  a 
quence  of  legs  t,o  be  completed  over  known  terrain  with  pre 
dieted  natural  landmarks.  Typical  objects  encountered  in  ex¬ 
tended  man-made  domains  (the  interior  of  buildings,  and  out¬ 
door  settings  with  buildings  and/or  paths  present)  provide-  the 
information  necessary  for  localization,  'flic  information  gleaned 
from  LTM  is  used  to  guide  the  pilot  in  I  lie  selection  and  param¬ 
eterization  of  appropriate  motor  schemas  and  their  associated 
perceptual  schemas  for  instantiation  in  the  motor  schema  man¬ 
ager.  Actual  piloting  (sensor-driven  navigation)  is  conducted  by 
the  motor  schema  manager.  Positional  Updating  occurs  concur¬ 
rently  with  t.hc  actual  path  tra- ersal. 

The  vision  algorithms  to  lie  used  in  AnR  A  encompass  a  wide 
range  of  computer  vision  techniques.  These  include  primitive 
interest  operators,  more  sophisticated  line-liiitlnig  and  region 
segmentation  algorithms,  a  multiple  frame  depth-from-mokion 
algorithm,  and  a  scene  interpretation  system.  Each  approach 
has  its  purpose,  advantages  and  disadvantages  for  use  in  mobile 
robot  navigation.  In  all  cases,  however,  versions  of  vision  algo¬ 
rithms  have  been  developed  which  will  extract  image  features 
rapidly  (at  the  expense  of  reliability  in  sortie  eases).  In  addi 
lion,  the  control  of  all  algorithms  attempts  to  use  a  top  down 
strategy  of  restricting  processing  to  windows  based  upon  I 'I'M 
or  previous  frames.  In  this  manner,  real-time  processing  may  be 
achieved  for  certain  interesting  navigation  tasks  that  might,  not, 
have  been  feasible  until  more  powerful  parallel  hardware  arrives. 

Ongoing  and  future  work  includes  the  refinement  of  t  he  in 
dividual  perception  algorithms  used,  increased  real-time  mobile 
robot  experiments  as  parallel  hardware  is  integrated  into  the  sys¬ 
tem,  and  addressing  the  considerable  system  integration  prob¬ 
lems  involved  with  the  interfacing  of  the  individual  components 
being  developed 
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ABSTRACT 


In  the  Autonomous  Land  Vehicle  (ALV)  application  scenario,  a 
significant  amount  of  positional  error  is  accumulated  in  the  land 
navigation  system  after  traversing  long  distances.  Landmark 
recognition  can  be  used  to  update  the  land  navigation  system  by 
recognizing  the  observed  objects  in  the  scene  and  associating 
them  with  the  specific  landmarks  in  the  geographic  map 
knowledge-base.  In  this  paper  we  present  a  novel  landmark 
recognition  technique  based  on  a  perception-reasoning-action 
and  expectation  paradigm  of  an  intelligent  agent.  It  uses 
extensive  map  and  domain  dependent  knowledge  in  a  model- 
based  approach.  It  performs  spatial  reasoning  by  using  N-ary 
relations  in  combination  with  negative  and  positive  evidences. 
Since  it  can  predicts  the  appearance  and  disappearance  of 
objects,  it  reduces  the  computational  complexity  and  uncertainty 
in  labeling  objects.  It  provides  a  flexible  and  modular 
computational  framework  for  abstracting  image  information  and 
modeling  objects  in  heterogeneous  representations.  We  present 
examples  using  real  ALV  images. 


I.  INTRODUCTION 


In  order  to  accomplish  missions  such  as  surveillance,  search  and 
rescue  and  munitions  deployment,  an  Autonomous  Land  Vehicle 
(ALV)  has  to  travel  long  distances.  This  results  in  a  significant 
amount  of  positional  error  in  the  land  navigation  system. 
Landmark  recognition  is  used  to  update  the  land  navigation 
system,  thus  guiding  the  ALV  to  remain  on  its  proper  course. 
Landmarks  of  interest  include  telephone  poles,  storage  tanks, 
buildings  houses,  gates,  etc. 

Model-based  vision  has  been  a  popular  paradigm  in  computer 
vlikn  shite  ft-ioduegs  if*,  pruIiJcm  oomptexky  and  no  leamisig  » 
involved.  Binford  [6]  has  given  a  summary  of  model-based 
vision  work.  He  has  described  several  systems  including  the 
work  of  Brooks  [7]  on  ACRONYM,  Riseman  and  Hanson's 
[12]  work  on  VISIONS,  and  Nagao  and  Matsuyama's  [14] 
work  on  the  analysis  of  complex  aerial  photographs.  McKeown 
et  al  [13]  have  used  map  and  domain  specific  knowledge  in  the 
SPAM  rule-based  systems  for  the  interpretation  of  airport  scenes 
in  aerial  images.  Hwang  [10]  has  also  used  domain  knowledge 
to  guide  interpretation  of  suburban  house  scenes  in  aerial 
imagery.  He  has  used  test-hypothesize-act  sequence  to  generate 
large  number  of  hypotheses  which  are  then  integrated  into  a 
consistent  interpretation.  Bhanu  [1-4]  has  used  several 
modeling  and  relaxation  matching  techniques  for  the  recognition 


of  2-D  and  3-D  nonoccluded  and  occluded  objects.  As 
compared  to  all  the  previous  related  work,  as  mentioned  in  the 
above,  the  paradigm  of  an  intelligent  agent  (like  the  ALV)  which 
we  have  used  here  is  based  on  the  perception-reasoning-action 
and  expectation  cycle.  Thus  we  have  an  expectation-driven, 
knowledge-based  landmark  recognition  system  called 
PREACTE  (Perception-REasoning-ACTion  and  Expectation), 
that  utilizes  a  priori,  map  and  perceptual  knowledge,  spatial 
reasoning  and  knowledge  aggregation  methods.  In  contrast  to 
the  work  of  Davis  [9],  explicit  knowledge  about  the  map  and 
landmarks  is  assumed  to  be  given  and  it  is  represented  in  a 
relational  network.  It  is  used  to  generate  an  Expected  Site  Model 
(ESM)  given  the  ALV  location  and  its  velocity.  Landmarks  at  a 
particular  map  site  have  their  3-D  models  stored  in 
heterogeneous  representations.  The  vision  system  generates  a  2- 
D  and  partial  3-D  scene  model  from  the  observed  scene.  The 
ESM  hypothesis  is  verified  by  matching  it  to  the  image  model. 
The  matching  problem  is  solved  by  using  object  grouping  and 
spatial  reasoning.  Positive  as  well  as  negative  evidences  are 
used  to  verify  the  existence  of  each  landmark  in  the  scene.  The 
system  also  provides  feedback  control  to  the  low-level  processes 
to  permit  adaptation  of  the  feature  detection  algorithms 
parameters  to  changing  illumination  and  environmental 
conditions. 

In  the  following,  we  present  the  details  of  the  PREACTE  system 
and  examples  of  landmark  recognition  using  real  ALV  imagery. 
It  is  worth  mentioning  that  PREACTE  is  a  component 
subsystem  of  a  much  larger  system.  Other  parts  of  the  system 
will  be  referred  to  but  not  described. 


II.  CONCEPTUAL  APPROACH 


The  task  of  visual  landmark  recognition  in  tlic  autonomous 
vehicle  scenario  can  be  categorized  as  (a)  uninformed  and  (b) 
informed.  In  the  uninformed  case,  given  a  map  representation, 
flic  vision  ayaTtm  attciiipi.,  to  dtiacii  specific  landmark  labels  to 
segmented  image  regions  of  an  arbitrary  observed  scene  and 
infers  the  location  of  the  vehicle  in  the  map  (world).  On  the 
other  hand,  in  the  informed  case,  while  the  task  is  the  same  as 
earlier,  there  is  a  priori  knowledge  (with  a  certain  level  of 
certainty)  of  the  past  location  of  vehicle  in  the  map  <  nd  its 
velocity.  It  is  the  informed  case  that  is  of  interest  to  the 
discussion  of  this  paper.  There  are  a  number  of  assumptions 
made  in  this  landmark  recognition  approach  They  include:  1) 
a  forward  looking  fixed  camera  model  is  given,  2)  traversal  by 
the  vehicle  is  allowed  only  on  defined  routes,  and  3  )  minor 
range  variations  from  a  given  site  does  not  lead  to  major  changes 
in  the  objects'  appearance  in  the  image  and  their  spatial 
distributions. 
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Fig.  1 .  PREACTE's  top-level  approach  to  landmark  recognition. 


Fig.  1  illustrates  the  overall  approach  for  PREACTE's  landmark 
recognition  task.  It  is  a  top-down  expectation-driven  approach, 
whereby  an  Expected  Site  Model  (ESM)  of  the  map  is  generated 
based  on  domain-dependent  knowledge  of  the  current  (or 
projected)  location  of  the  vehicle  in  the  map  and  vehicle's 
velocity.  The  ESM  contains  models  of  the  expected  map  site 
and  its  landmarks.  This  expectation  provides  the  hypotheses  to 
be  verified  by  the  content  of  an  image  to  be  acquired  after  a 
computed  time  t,  given  the  velocity  of  the  vehicle  and  the 
distance  between  the  current  site  and  the  predicted  one.  While 
this  approach  may  seem  similar  to  other  hypothesis-verification 
concepts,  it  is  not  only  unique  by  its  added  expectations  but  also 
in  its  extensive  and  explicit  domain  specific  knowledge  which 
contributes  to  enhanced  performance.  Site  models  introduce 
spatial  constraints  on  the  locations  and  distributions  of 
landmarks,  by  using  a  "road"  model  as  a  reference.  Spatial 
constraints  greatly  reduce  the  search  space  while  attempting  to 
find  a  correspondence  between  the  image  regions  and  a  model. 
This  mapping  is  usually  many-to-one  in  complex  outdoor 
scenes,  because  of  imperfect  segmentation. 


In  the  segmented  image  each  region-based  feature  such  as  size, 
texture,  color,  etc.  provides  an  independent  evidence  for  the 
existence  of  an  expected  landmark.  Evidence  accrual  is 
accomplished  by  an  extension  of  a  heuristic  Bayesian  formula 
[8],  which  will  be  discussed  in  Section  II.3.  The  heuristic 
formula  is  used  to  compute  the  certainty  about  a  map  site 
location  based  on  the  certainty  of  the  previous  site  and  the 
evidences  of  each  landmark  existence  at  the  current  site.  Similar 
formulation  was  suggested  by  Lowe  [11]  for  evidential 
reasoning  for  visual  recognition. 


A.  Map/Landmark  Knowledge-Base 


Extensive  map  knowledge  and  landmarks  models  are 
fundamental  to  the  recognition  task.  Our  map  representation 
relies  heavily  on  declarative  and  explicit  knowledge  instead  of 
procedural  methods  on  relational  databases  [13].  The  map 
knowledge  is  represented  in  a  hierarchical  relational  network,  as 
illustrated  in  Fig.  2.  The  entire  map  is  divided  into  25  sectors  (5 


horizontally  and  5  vertically).  Each  sector  contains  four 
quadrants  which  in  turn  contain  a  number  of  surveyed  sites  (Fig. 
3).  All  map  primitives  are  represented  in  a  schema  structure. 
The  map  dimensions  are  characterized  by  their  cartographic 
coordinates.  Schema  representation  provides  an  object-oriented 
computational  environment  which  supports  the  inheritance  of 
different  map  primitives  properties  and  allows  modular  and 
flexible  means  for  searching  and  updating  the  map  knowledge 
base.  The  map  sites  between  which  the  vehicle  traverses  have 
been  surveyed  and  characterized  by  site  numbers.  An  aerial 

photograph  with  numbered  sites  is  shown  in  Fig.  3. 
Knowledge  acquired  about  these  sites  includes:  approximate  < 
latitude,  longitude,  elevation  >,  distance  between  sites  terrain 
descriptions,  landmarks  labels  contained  in  a  site,  et^  Such  s'  ® 
information  is  represented  in  a  SITE  schema,  with 
corresponding  slots,  as  illustrated  in  Fig.  2.  Slots  names 
include:  ^.LANDMARKS,  NEXT^fTE  LOCATION 
SPATIAL  MODEL,  etc.  A  critical  slot  is  NEXT_SI TE  which 
has  an  "active"  value.  By  active,  it  is  meant  that  it  is  dependent 
on  a  variable  (demon)  which  is  the  vehicle  direction  (North, 
South,  etc.).  For  different  traversal  directions  from  the  current 
site,  the  names  of  the  neighboring  sites  are  explicitly  declared  in 
the  NEXT-SITE  slot,  as  shown  in  Fig.  4.  ine 
SPATIAL_MODEL  defines  the  "expectation  zone  ot  the 
landmarks  (in  the  image)  with  respect  to  the  road  and  with 
respect  to  each  others.  It  also  specifies  the  minimum  and 
maximum  distance  of  each  landmark  from  the  road  borderline 
Each  landmark  is  represented  as  a  schema  or  a  collection  of 
schemas.  Each  landmark  is  represented  as  an  instance  of  a 
landmark-class  which,  in  turn,  is  an  instance  of  an  object-class. 
For  example,  T-POLE-17  is  an  instance  of  POLE,  which  is  an 
instance  of  M  AN  _M  ADE_OB  JECTS .  Instances  in  this  case 
inherit  some  properties  and  declare  others. 

This  declarative  and  hierarchical  representation  of  the  knowledge 
allows  not  only  a  natural  conceptual  mapping,  but  also  a  flexible 
means  for  pattern  matching,  data  access  tracing  of  |he  r“s°n  ® 
process  and  maintenance  of  the  knowledge  base.  The  slots  and 
their  values  in  a  LANDMARK  schema  correspond  to  he 
landmark's  attributes  such  as  color,  texture,  shape,  geometric 
model,  etc.  The  landmark  attributes  are  characterized 
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Fig.  2.  Map  knowledge  representation  and  graphic  illustration 
of  the  approach  based  on  the  perception- reasoning-action 
and  expectation  paradigm. 


symbolically,  such  as  color  is  "black",  texture  is"  smooth",  and 
shape  ts  elongated".  Each  attribute's  value  is  assigned  a 
likelihood  that  characterizes  its  discriminant  strength.  For 
example  the  fact  that  poles  are  elongated,  place  a  high  likelihood 
value  (  0.8)  on  having  an  elongated  shape.  The  knowledge 
acquisition  for  modeling  each  landmark  in  the  knowledge  base  is 
performed  by  abstracting  and  characterizing  map  data  through 
actual  observations  and  measurements,  and  observations  of 
images  taken  at  individual  sites.  The  groundtruth  values  of  each 
landmark  attribute  are  obtained  from  a  combination  of  actual 
metrics,  and  approximations  of  features  extracted  from  hand 
segmented  images.  Three  dimensional  geometric  models  are 
represented  in  the  geometric-model  slot  of  a  LANDMARK 
schema.  Different  modeling  techniques  are  available  for 
different  landmarks.  For  example,  buildings  are  represented  as 
wire-frames,  while  poles  are  represented  as  generalized 
cylinders.  Thus  models  are  allowed  to  have  heterogeneous 
representations.  Image  description  is  obtained  by  projecting  the 
3-D  model  on  a  2-D  plane  using  perspective  transformations, 
l  his  hybrid  representational  framework  for  object  modeling 
provides  a  unique  ability  to  combine  different  types  of  object 
descriptions  (semantic,  geometric  and  relational).  This  in  turn 

allows  the  system  to  perform  more  robustly  and  efficiently  and 

recover  from  a  single  bad  representation. 


B.  Prediction 


nveii  the  a  priori  knowledge  of  the  vehicle's  current  location  in 
the  map  space  and  its  velocity,  it  is  possible  to  predict  the 
upcoming  site  that  will  be  traversed  through  the  explicit 
representation  of  the  map  knowledge  and  the  proper  control 
procedures.  The  Map/Landmark  Reasoner  (MLR)  provides 
such  control,  by  invoking  the  active  values  in  the  NEXT  SITE 


Fig.  3.  Aerial  photograph  of  the  map. 


slot  of  the  current  SITE  schema,  as  described  earlier.  The  ESM 
is  a  provision"  by  the  MLR  to  make  the  expected  site  and  its 
corresponding  landmark  schemas  as  an  "active"  hypothesis  to  lx 
verified.  In  parallel  to  predicting  the  next  site,  the  distance 
between  the  current  and  the  expected  site  along  with  the  vehicle 
velocity  are  used  to  predict  the  (arrival)  time  at  which  the 
sequence  of  images  should  be  processed  to  verify  the 
lypothesized  ESM.  Evidence  accrual  and  knowledge 
aggregation  is  dynamically  performed  between  sites  to  confirm 
arrival  time  at  the  predicted  site  [5],  The  ESM  of  SITE-110 
shown  in  Fig.  7  is  as  follows: 


(DEFSCItEMA  SITE  110 


(SITE 

(LOCATION 
(INSTANCE  -  OF 
(STATUS 
(VIEW 

(HAS-LANDMARKS 
(NEXT-SITE 
(SPATIAI  MODEL 
TERRAIN  TYPE 


1 10) 

(392961.7  1050742.9)) 

SITE) 

ACTIVE) 

FRONT) 

(T-POLE  110  G  TANK-10  BLDG-110)) 
(E  109  0.255)  (Will  0.153)) 

SM  110) 

NIL)) 


( (T-POLE- 1 10 
(T  POLE- 1 10 


G  TANK  1 10  BLDG  110) 
(LEFT-OF  ROAD) 

(MIN  L-DISTROAD  160) 
(MAX-DDIST  ROAD  200) 


(G-TANK  110 


(RIGHT  OF  ROAD) 
(MIN  R  DIST  200) 

(MAX  R  DIST  250)) 


(BLDG-110 


(ABOVE  G  TANK  110) 
(RIGHT-OF  ROAD ) 

(MIN  R  DIST  230) 

(MAX  R  DIST  280)  )  )  ) 


•..V.V 

\  ,, 


434 


%  v/» 


(DEFSCHt-.MA  SI  S2 

S3 

(Next-Site  (E  S3  Dlt  SI  i 

S4 

(W  S2  D2) 

(S  SO  D3)) 

S0^ 

•) 

Fig.  4.  Next-Site  slot  representation  in  a  SITE  schema  provides 
the  expected  site  and  distance  to  it  based  on  the  vehicle 
direction 


Fig.  5.  Road  model  representation 


Predictions  are  also  used  hy  the  low  level  image  processing  .  A 
priori  knowledge  of  the  objects'  attributes  which  will  appear  in 
the  image  and  their  relative  locations  guide  the  segmentation.  A 
rule  based  system  is  invoked  to  interpret  the  corresponding 
information  in  the  ESM,  which  results  in  properly  adapting  tne 
segmentation  parameters  based  on  the  landmarks’ 
distinguishing  attributes,  such  as  color  ,  location,  texture, etc. 


C.  Image  Modeling 

An  image  model  for  the  task  of  landmark  recognition  is  a 
collection  of  regions-of-interest  extracted  by  a  region-based 
segmentation  method.  A  region-of-interest  for  this  task  is 
constrained  by  an  upper  and  lower  bound  on  its  size.  This 
means  that  after  performing  some  region  splitting  and  merging, 
most  of  the  very  small  and  the  very  large  regions  are  merged  or 
discarded  from  the  image.  In  addition,  region;  -of-interest  do 
not  include  any  regions  that  represent  moving  objects  in  the 
scene  as  determined  by  the  motion  analysis  module.  A  number 
of  image  features  are  extracted  for  each  region,  such  as  color, 
length,  size,  perimeter,  texture,  Minimum  Bounding  Rectangle 
(MBR),  etc.,  as  well  as  some  derived  features  such  as 
elongation,  linearity,  compactness,  etc.  All  image  information  is 
available  in  the  blackboard  (Fig.  1),  which  is  a  superset  model 
of  all  the  results  collected  from  different  image  understanding 
modules.  The  landmark  recognition  system  operates  as  a 
"knowledge  source".  There  are  other  knowledge  sources  with 
o tlier  tasks  such  as  object  recognition  (other  than  landmarks)  and 
motion  analysis.  The  blackboard  plays  the  role  of  a  central 
knowledge  structure  among  these  different  knowledge  sources. 
During  the  process  of  extracting  regions-of-interest  for  landmark 
recognition  there  is  a  risk  of  ignoring  regions  in  the  image  that 
are  part  of  the  actual  landmarks.  These  regions  could  have  been 
split  to  very  small  regions  or  merged  with  very  large  ones, 
which  is  a  nr”  mil  outcome  of  the  inherendy  weak  segmentation 
methods.  Symbolic  feature  extraction  is  performed  on  the 
region- based  features.  So,  instead  of  having  area  =  1500 
(pixels)  and  intensity  =  52,  we  could  have  area  =  large  and 
intensity  =  low.  The  symbolic  characterization  of  the  features 
using  "relative"  image  information  provides  a  better  abstraction 
of  the  image  and  a  framework  for  knowledge-based  reasoning. 
On  one  hand,  this  has  the  advantage  of  making  the  feature  space 
smaller,  therefore  easier  to  manipulate.  On  the  other  hand,  it 
makes  it  insensitive  to  feature  variations  in  the  image. 

Each  set  of  region  features  is  represented  in  a  schema  structure 
instead  of  a  feature  vector  as  in  pattern  recognition.  This 
schema  representation  of  regions  does  not  have  any  conceptual 
justifications,  however  it  provides  a  compatible  data  structure 
with  the  landmark  models  in  the  knowledge-base.  Most  of  the 
region  features  have  representative  attributes  in  the  landmarks 
models.  This  allows  symbolic  pattern  matching  to  be 
performed  easily  by  the  high-level  vision  knowledge  sources. 
Beyond  that,  it  makes  the  reasoning  process  more  traceable 


A  critical  region  in  the  image  is  the  road  region,  which  is 
a  reference  in  the  image  model.  Spatial  constraints  are 
on  the  regions-of-intcrcst  to  find  which  regions  in  the  in 
to  the  left  and  to  the  right  of  the  road  The  road  i 
segmented  out  in  similar  imaging  scenarios,  using  curren 
of  the-art  road  segmentation  techniques  (currently  used 
ALV).  This  is  assuming  that  it  is  a  "structured"  rout 
asphalt,  concrete,  etc.)  that  provides  good  contrast  (m 
roads).  The  road  is  represented  in  the  model  by  its  verii 
the  approximate  straight  lines  of  the  left  and  right  bordt 
shown  in  Fig.  5.  For  each  region,  we  determine  the  posili 
its  centroid  and  compute  the  shortest  distance  from  the  reg 
the  road  border  line.  This  distance  is  compared  to  the  con; 
imposed  on  each  landmark  by  the  site  spatial  model.  II 
obtain  the  following  top-level  structure  for  the  image  mode  1 

(<lM-#>  <frame-#>  <road-region-tag> 
<number-of-regions-of  intercst> 

((<road-vertices>)  (<left-border>)  (cright  bordt 
((<left-regions-list>)  (<right-rcgions-list>)))) 


D.  Hypothesis  Verification 

Given  the  expected  site  model  (ESM)  and  the  current 
model,  the  objectives  of  the  matching  and  verification  p. 
are  two  fold:  (a)  to  label  the  regions  in  the  image  correspn 
to  the  expected  landmarks,  and  (b)  to  determine  the  eei 
level  of  the  predicted  map  site  location.  The  process  by 
the  first  objective  is  accomplished  is  as  follows:  1.  find  t 
of  regions  (R)  in  the  image  model  (IM)  which  satisfy  the  ■ 
constraints  SCj  imposed  by  landmark  lj  in  the 
SPAT1AL_M0DEL.  This  constraint  application  yields  n 
than  one  corresponding  region  rj.  2.  Compute  the  evi 
E(l j)  that  each  rj  in  { R }  yields,  using  the  FIND  EV1DI 
algorithm.  3.  The  rj  that  results  in  E(lj)  max  (provided 
positive  evidence)  is  considered  as  best  match  candidate 
(there  may  be  more  than  one  given  that  their  values  sut 
certain  threshold)  .  The  second  objective  is  achievi 
aggregating  the  individual  set  of  evidences  (E(lj)m;lx)  a 
certainty  level  about  the  previous  map  site  location  ai 
potential  error  introduced  by  range  and  the  view  angle  i  i 
camera. 

The  FIND  EVIDENCE  algorithm  considers  that  each  la 
I;  in  ihe  ESM  has  a  set  of  attributes  { A  j  j  .  Ajg. 

each  with  a  likelihood  LI  ljp,  as  described  earlier  1  ach  n 
in  { R }  has  a  set  of  features  {fjj  fjp,  ,  fjn) 

Ajk  and  fjp  correspond  to  the  same  thing  (in  the  model  i 
image),  such  as  color  size,  texture,  etc  Given  these  le. 
we  want  to  compute  the  evidence  that  lj  is  present  in  the  i 
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By  making  the  independence  assumption  among  features  in  a 
reg'oii  and  among  features  occurrence  in  images,  the  above 
equation  can  be  rewritten  as: 


P(L)*P(f.,/l,)*..*P(fJ.)*...*P(f,  /I) 

PfI  /f  f  f  )  1  J1  r  jk  '  jn  i1 

'  ik .  J"  P(f.)*...*P(f ,*P(f,  ) 


where  is  a  normalization  factor  between  0  and  1. 

Here  we  further  simplify  (4)  and  introduce  the  evidence  terms  E 
and  e  to  be  the  logarithm  of  P  and  I*W  respectively  .  So,  the 
evidence  formula  can  be  written  as  follows: 


(5) 


,f[M 


(2) 


where  n  is  the  number  of  features,  P(lj)  is  the  initial  probability 
of  a  landmark  being  found  in  a  given  site.  For  now  this  is  set  to 
1  for  all  landmarks.  However,  P(lj)  is  actually  a  function  of  the 
certainty  level  about  the  previous  map  site  location,  navigational 
error  and  other  variables.  P(fjk)  is  the  probability  of  occurrence 
of  a  feature  in  an  image,  which  is  equal  to  l/(number  of  possible 
feature  values).  For  example,  if  texture  can  take  either  of  the 
four  values:  coarse,  smooth,  regular  or  irregular,  then  P 
(texture  =  smooth)  =  1/4,  Finally, 


V  - 


LH, 


1  -  LHjk 


if  f.  =  A, 

jk  ik 


if  f.  *  A, 

jk  ik 


(2.1) 


which  is  best  explained  through  the  following  example: 

Given  two  regions  rj  and  T2  in  the  image  with  different  sizes 
(fjk)i  SIZE  (rj)  =  SMALL  and  SIZE  (r2)  =  LARGE.  Given  a 
model  of  landmark  L,  with  the  expected  size  to  be  LARGE 
(Ajfc),  with  a  likelihood  (LH^)  of  0.7.  The  SIZE  feature  can 
take  any  of  the  following  ordered  values:  {SMALL,  MEDIUM, 
LARGE}.  If  r2  is  being  matched  to  L,  (2.1)  yields  to  0.7, 
because  fj^  =  A^.  On  the  other  hand,  if  r  j  is  being  matched  to 
L,  then  (2.1)  yields  to  (l-0.7)/2.  The  denominator  2  is  used 
because  LARGE  is  two  unit  distances  (denoted  by  d(.))  from 
SMALL. We  rewrite  (2)  as: 


pVj: . . y-'vIR'P  ® 

k=l 

where  1(./.)  is  the  term  within  the  product  sign.  The  value  of 
I(fjk/li) can  be  greater  than  1,  because  the  heuristic  nature  of  the 
formulation  does  not  reflect  a  probabilistic  set  of  conditional 
events,  as  formulated  in  Bayes  theory.  Moreover,  P(lj/fjj...fi«) 

can  result  in  a  very  large  number  or  a  very  small  positive 
number. 

By  taking  the  logarithm  of  both  sides  of  (3),  introducing  Wj  as 
a  normalization  factor  for  each  feature,  and  dividing  by  the 
number  of  features  (n),  we  have  : 


kog[P(lj/f, . fjk,  ..,(„)]  =Log[P(L))  + 


n 

XLog[«fjk/I.)*Wkl 

k  i 


(4) 


The  values  of  E(lj)  fall  between  0  and  1 .  If  E(lj)  >  0.6  it  means 
a  "positive”  set  of  evidences.  On  the  other  hand,  if  E(lj)  <  0.3  it 
is  interpreted  as  "negative”  evidence.  Otherwise,  E(lj)  is 
characterized  as  "neutral". 


An  important  characteristic  of  the  PREACTE  system  is  that  it 
utilizes  negative  as  well  as  positive  evidences  to  verify  its 
expectations.  There  are  many  types  of  negative  evidences  that 
could  be  encountered  during  the  hypothesis  generation  and 
verification  process.  The  one  that  is  of  particular  interest  to  us  is 
when  there  is  a  negative  evidence  about  a  "single”  landmark 
(E(lj)  max  <0.3)  in  conjunction  with  positive  evidences  about  the 
other  landmarks  (average  evidence  >0.6)  and  a  reasonable  level 
of  certainty  about  the  previous  site  (Us_j  <5)  (discussed  later). 
This  case  is  interpreted  as  caused  by  one  or  more  of  the 
following:  (a)  error  in  the  dimension  of  the  expectation  zone, 
(b)  bad  segmentation  results,  and  (c)  change  in  the  expected 
view  angle  or  range. 


auvii 
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expectation  zone  by  a  fixed  margin,  and  find  the  evidences 
introduced  by  the  new  set  of  regions,  as  shown  in  Fig.  6.  2.  If 
step  1  fails  to  produce  an  admissible  set  of  evidences,  then  the 
expectation  zone  of  the  image  is  resegmented  using  a  new  set  of 

parameters  that  are  strictly  object  dependent. 


Fig.  6. 


Negative 
Evidence  Area 

New  Search 
Area 


New  search  area  as  a  result  of  negative  evidences. 


Even  though  landmark  recognition  is  introduced  to  assist  the 
autonomous  vehicle  land  navigation  system,  there  is  obviously 
uncertainty  attached  to  the  results  of  the  recognition  system.  We 
compute  the  uncertainty  Us  at  each  site  location  in  the  following 
manner: 


us=(us-i+«)*n 

i=l 


0.5 

E(l.) 

'  v  max 


where  Us_i  is  the  uncertainty  at  the  previous  site,  Uq,  the  initial 
uncertainty,  is  equal  to  1,  a  is  the  error  factor  introduced  by  the 
navigation  system,  it  is  set  to  a  constant  of  0.3  (for  experimental 
reasons),  and  E(lj)max  is  the  maximum  evidence  of  lj.  If  two  or 
more  regions  return  evidences  greater  than  8  then  the  average  is 
computed.The  value  0.5  is  used  (as  neutral  evidence)  to  stabilize 
the  function,  m  is  the  number  of  landmarks  The  multiplicative 
nature  of  lTs  provides  it  with  the  capability  of  rapidly  recovering 
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its  value  given  a  high  set  of  evidences  at  the  current  site  and  a 
high  level  of  uncertainty  at  the  previous  site 

ill.  RESULTS 


We  have  implemented  a  prototype  system  written  in  Common 
Lisp  and  ART  (Automated  Reasoning  Tool)  on  the  Symbolics 
3t>70  The  image  processing  software  was  implemented  in  C  on 
the  VAX  11/750.  The  Symbolics  hosts  all  the  high  level 
(symbolic)  processing  software,  including  the  blackboard.  The 
map  and  landmarks  knowledge-base  is  implemented  as  a 
hierarchical  relational  network  of  schemas,  the  FIND- 
EVIDENCE  algorithm  is  implemented  in  Lisp.  The  Map 
Landmark  Reasoner  is  implemented  in  a  rule  based  structure. 
An  initial  implementation  of  PREACTE  was  tested  on  a  video 
sequence  of  imagery.  Data  was  collected  at  30  frames/second  by 
a  camera  installed  on  top  of  a  vehicle  and  driven  on  the  road 
connecting  the  sites  shown  in  Fig.  3. 

The  system  was  easily  capable  of  predicting  the  ne.  t  site  and 
approximate  arrival  time  at  each  site.  In  an  experiment  where  we 
started  at  SITE- 109  and  traveled  we.  t  at  10  kph,  arrival  time  was 
predicted  to  SITE-1 10,  at  245.4  seconds  (distance  between  the 
two  sites  is  .426  mile).  Fig.  7(a)  shows  the  image  taken  at 
SITE-1 10,  vhich  contains  a  pole  (T-POLE-1 10)  to  the  left  of  the 

road,  a  gas  tank  (G-TANK-1 10)  and  a  building  (BLDG-1 10)  to 
the  right.  Initial  segmentation  of  the  image  is  shown  in  Fig. 
7(b).  As  a  result  of  region  splitting  and  merging  and  discarding 
small  regions,  we  obtain  the  image  shown  in  Fig.  7(c). 
Rectangular  boxes  are  overlayed  over  the  regions  recognized  by 
PREACTE  as  landmarks,  based  on  the  hypotheses  generated  in 
the  ESM  of  SITE-1 10  (shown  in  Section  II. 2).  The  hypothesis 
verification  results  are  shown  in  the  "match-evidence"  column  of 
Table  I  which  contains  a  listing  of  the  regions  yielding  the 
highest  evidences  and  a  subset  of  their  features  (other  features 
include  compactness,  intensity  variance,  etc.),  as  represented  in 
the  image  model.  The  spatial  constraint  specified  by  the  spatial 
model  (SM-!  10)  yielded  to  a  small  number  of  regions-of-interest 
for  the  POLE  hypothesis,  as  a  result  of  the  successful  post- 
segmentation  effort.  More  regions-of-interest  were  considered 
as  candidates  for  the  other  landmarks.  The  road  (region  98)  in 
the  image  is  modeled  by  its  approximate  left  border  (y  =  -0.8x  + 
357.0)  and  its  right  border  (y  =  I.3x  -  126.7).  The  T-POLE- 
1 1 0  hypothesis  produced  two  regions  with  high  evidences. 
Since  a  threshold  of  0.8  was  used,  both  regions  30  and  79  arc- 
recognized  asT-POLE-1 10.  The  lower  part  of  the  pole  (region 
79)  is  merged  with  some  ground  and  background  regions; 
nevertheless  it  still  resulted  in  a  higher  evidence  than  the  upper 
part  (region  30).  Currently  effort  is  underway  to  implement  a 
region  grouping  technique  based  on  evidences,  proximity,  size 
and  other  criteria.  The  lower  part  of  the  tank  was  broken  up  into 
six  small  regions  because  of  the  illumination  and  shape  factors. 
These  regions  were  included  in  the  hypothesis  verification  and 
they  produced  significantly  lower  evidences.The  uncertainty  : 

U  ]  i ()  =  (I  +0.3 )*(((). 5)3/(0.875+0.62+0.70))  0.43  where 

0.875  is  the  average  of  0.92  and  0.83. 

IV.  CONCLUSIONS 


traveling  through  terrain  and  it  has  to  determine  precisely  where 
it  is  on  the  map  oy  using  landmark  recognition 


Fig.  7(a)  Image  obtained  at  site  1 10. 


Fig.  7(b)  Initial  segmentation  results. 


In  this  paper  we  have  presented  concepts  and  initial  results  of 
our  perception  reasoning-action  and  expectation  paradigm  of  our 
ongoing  research  for  guiding  the  AL  V  by  recognizing  landmarks 
along  the  sides  of  the  road  In  the  future,  we  will  extend  to  a 
more  general  and  complex  situation  where  the  AL.V  may  be 


437 


'•A 
Vo 
V’O 
s.  o 
\V 


V-  ’ 
vx. 


Vo 


\V 

vo 


*  M 


,>3 

& 


■:> 

Vo 

Vo 

Vo 

■V+ 


■r.. 


§ 


of 

of 


y  .i 


< 


■  o 


TWJ 


o , 

V 

K 


Oj 


V 


i vy 


V 


lug.  7(c)  Segmented  image  after  region  splitting,  merging 
and  discarding  small  regions.  Regions  highlighted 
by  rectangles  indicate  the  result  of  landmark 
recognition  by  PREACTE. 


Features 

Recognition  Results 

Region 

Size 

Color 

MBR 

Texture 

Elongation 

Shape 

Location 

Match- 

Evidence 

Landmark 

Hypothesis 

30 

Small  (91) 

Black  (25  3) 

(99  103,  61.  Ill) 

Smooth 

High  <50  4) 

Long  and 
Linear 

(101.2,  82.9) 

0.83 

T-POLE-1 10 

79 

Small  1104) 

Black  (27  3) 

(104  105.  112.  132) 

Irregular 

High  (20:1) 

Long  and 
Linear 

(104.6,  121.9) 

0.92 

T-POLE-110 

95 

Medium  (€75; 

White  (224  5; 

(445.  510,  140.  155) 

Smooth 

Low  (05.15) 

Not  convex 

(482, 148  3) 

0.62 

G-TANK-1 10 

70 

Medium  (672) 

Gray  (199  7) 

(469  510,  99.  127) 

Irregular 

Low  (41.28) 

Linear 

(490.2,  115.  3) 

0.71 

BLOG  110 

Table  F.  Landmark  recognition  results. 
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Abstract 

This  paper  describes  the  current  status  of  the  Autonomous  Land 
Vehicle  research  at  Carnegie-Mellon  University's  Robotics  Institute, 
tocusing  primarily  on  the  system  architecture.  We  begin  with  a 
discussion  ot  the  issues  concerning  outdoor  navigation,  then  describe 
the  various  perception,  planning,  and  control  components  ot  our 
system  that  address  these  issues.  We  describe  the  CODGER 
software  system  for  integrating  these  components  into  a  single 
system,  synchronizing  the  data  flow  between  them  in  order  to 
maximize  parallelism.  Our  system  is  able  to  drive  a  robot  vehicle 
continuously  with  two  sensors,  a  color  camera  and  a  laser 
rangetir.Jer,  on  a  network  of  sidewalks,  up  a  bicycle  slope,  and 
through  a  curved  road  through  an  area  populated  with  trees.  Finally, 
we  discuss  the  results  ot  our  experiments,  as  well  as  problems 
uncovered  in  the  process  and  our  plans  for  addressing  them. 


1.  Introduction 

The  goal  of  the  Autonomous  Land  Vehicle  group  at  Carnegie- 
Mellon  University  is  to  create  an  autonomous  mobile  robot  system 
capable  of  operating  in  outdoor  environments.  Because  of  the 
complexity  of  real-world  domains  and  the  requirement  for  continuous 
and  real-time  motion,  such  a  robot  system  needs  system  architectural 
support  tor  multiple  sensors  and  parallel  processing.  These 
capabilities  are  not  tound  in  simpler  robot  c.'Stems.  At  CMU,  we  are 
studying  mobile  robot  system  architecture  anu.  have  developed  the 
navigation  system  working  at  two  test  sites  and  on  two  experimental 
vehicles  [2]  [3]  [4]  [8]  [10]  [11].  This  paper  describes  current  status  ot 
our  system  and  some  problems  uncovered  through  real  experiments. 


1 .1 .  The  Test  Sites  and  Vehicles 

We  have  two  test  sites,  the  Carnegie-Mellon  University  campus  and 
an  adjoining  park,  Schenley  Park.  The  CMU  campus  test  site  has  a 
sidewalk  network  including  intersections,  stairs  and  bicycle  slopes 
(see  Figure  1).  The  Schenley  Park  test  site  has  curved  sidewalks  in 
an  area  well  populated  with  trees  (see  Figure  2). 

Figure  3  shows  our  two  experimental  vehicles,  the  NAVLAB  used  ii  i 
the  Schenley  Park  test  site,  and  the  Terregator  used  in  the  CMU 
campus  test  site  Both  ot  them  are  equipped  with  a  color  TV  camera 
and  a  laser  rangefinder  made  by  ERIM.  The  NAVLAB  carries  four 
general  purpose  computers  (SUN-3s)  on  board.  The  Terregator  is 
linked  to  SUN  3s  in  the  laboratory  with  radio  communication.  All  of  the 
SUN-3s  are  interconnected  with  a  EtherNet.  Our  navigation  system 
works  on  both  vehicles  in  each  test  site. 


’This  research  was  supported  by  Ihe  Slralegic  Computing  Inilialivo  of  the  Defense 
Advanced  Research  Project  Agency,  DoD,  Ihrough  ARPA  Order  5351,  and  monilored 
by  Ihe  U.S  Army  Engineer  Topographic  Laboratories  under  conlract  DACA76-B5- 
C  0003.  Views  and  conclusions  conlained  in  Ihis  documenl  are  those  of  Ihe  aulhors 
and  should  nol  be  inlerpreted  as  represenling  official  policies,  eilher  expressed  or 
implied,  of  Ihe  Defenso  Advanced  Research  Projecls  Agency  or  Ihe  Uniled  Slate 
Government 


1.2.  Current  System  Capabilities 

Currently,  the  system  has  the  tollowing  capaoilities. 

•  Able  tc  execute  a  prespecitied  user  mission  over  a 
mapped  netwo  k  ot  Sidpwalks,  including  turning  at  the 
intersections  arid  driving  up  'he  bicycle  slope. 

•  Able  to  recognize  landmark  .stairs  and  intersections. 

•  Able  to  drive  on  unmapped,  curved,  ill-defined  roads 
using  assumptions  about  local  road  linearity. 

•  Able  to  detect  obstacles  and  stop  until  they  move  away. 

•  Able  to  avoid  obstacles. 

•  Able  to  drive  continuously  at  200mm/sec. 


Figure  1:  Map  of  the  CMU  Campus  Test  Site 
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Figure  2:  Map  ot  the  Schenley  Park  Test  Site 

2.  Design  of  the  System  Architecture 

In  this  section  we  describe  the  goals  ot  our  outdoor  navigation 
system  and  the  design  principles,  followed  by  an  analysis  of  the 
outdoor  navigation  task  itselt  We  describe  our  system  architecture  as 
it  is  shaped  by  these  principles  and  analysis 


Flgure3:  The  NAVL  AB  and  Terregalor 


2.1.  De'.gn  Goals  and  Principles 

The  goals  o!  our  outdoor  navigation  system  are: 


Terregator 


•  map-driven  mission  execution.  The  system  drives  the 
vehicle  to  reach  a  given  goal  position 

•  on-  and  off-road  navigation  Navigation  environments 
inciude  not  only  roads  but  also  open  terrain 

•  landmark  recognition:  Landmark  sightings  are  essential 
in  order  to  correc  t  for  drift  in  the  vehicle's  dead  reckoning 
system. 

•  obstacle  avoidance 

•  con  .inuous  motion  in  >eal  time:  Stop  and  go  motion  is 
unacceptable  for  our  purposes.  Perception,  planning, 
and  control  should  be  carried  out  while  the  vehicle  is 
moving  at  a  reasonable  speed 

In  order  to  satisfy  these  goals,  we  have  adopted  the  following 
design  principles 


•  sensor  fusion:  A  single  sensor  is  not  enough  to  analyze 
complex  outdoor  environments  Sensors  include  not  only  Figure  4:  Outdoor  Navigation 

a  TV  camera  and  a  range  sensor  but  also  an  inertial 
navigation  sensor,  a  wheel  rotation  counter,  etc 


•  parallel  execution:  In  order  to  process  data  Irom  a 
number  of  sensors,  make  global  ind  local  plans  .  and 
drive  the  vehicle  in  real  time,  parallelism  is  essential. 

•  flexlbtlify  and  extensibility:  it  is  principle  is  essential 
because  the  whole  system  is  quite  large,  requiring  the 
integration  of  a  wide  range  of  module  j 


The  navigation  mode  is  uniform  and  the  system  drives  the  vehicle 
along  the  route  segment  continuously,  perceiving  objects,  planning 
path  plans,  and  controlling  the  vehicle  The  important  thing  is  that 
these  tasks,  perception,  planning,  and  control,  fc-m  a  cycle  and  can 
be  executed  concurrently 


2.2.  Outdoor  Navigation  Tasks 

Outdoor  navigation  includes  several  different  navigation  inodes 
Figure  4  illustrates  several  examples  On  road  vs  ott  road  is  just  one 
example.  Even  in  on  road  navigation,  turning  at  the  intersection 
requires  more  sophisticated  driving  ckii|  than  following  the  road  In 
road  following,  the  assumption  that  the  ground  is  Hat  makes 
perception  easier,  but  driving  through  ti  p  tores t  does  not  satisfy  this 
assumption  and  requires  more  complex  perception  processing 

According  to  this  analysis  we  decompose  outdoor  navigation  into 
two  navigation  levels,  global  and  local  At  the  global  level  the  system 
tasks  are  to  select  the  best  navigation  route  to  reacti  tire  destination 
given  by  a  user  mission,  and  to  divide  whole  route  into  a  sequence  of 
route  segments,  each  corresponding  to  a  uniform  driving  mode  The 
current  system  suppods  the  following  navigation  modes  following  the 
road,  turning  at  the  intersection  dnvmq  up  the  slope 

Local  navigation  involves  driving  within  a  single  route  segment 


2.3.  System  Architecture 

Figure  5  is  a  block  diagram  ot  our  system  architecture  The 
architecture  consists  ol  several  modules  and  a  communications 
database  which  links  the  modules  together 

2  3.1.  Module  Structure 

In  order  to  support  the  tasks  described  in  the  previous  section,  we 
first  decomposed  the  whole  system  into  the  following  modules 

•  CAPTAIN  executes  user  mission  commands  and  sends 
the  destination  and  the  constraints  ot  each  mission  step 
to  the  MAP  NAVIGATOR  one  step  at  a  time,  and  gets  the 
result  ot  mission  step. 

•  MAP  NAVIGATOR  selects  the  best  route  by  ir  tnng 
the  Map  Database,  decomposes  it  into  a  sequence  ol 
route  segments,  generates  a  route  segment  description 
which  includes  objects  trom  the  Map  visible  Irom  the 
route  segment,  and  sends  it  to  the  PIL  OT 
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Figure  5:  System  Architecture 

•  PILOT  coordinates  the  activities  of  PERCEPTION  and 
the  the  HELM  to  perform  local  navigation  continuously 
within  a  single  route  segment. 

•  PERCEPTION  uses  sensors  to  find  objects  predicted  to 
lie  within  the  vehicle's  field  of  view.  It  estimates  the 
vehicle’s  position  if  possible. 

•  HELM  gets  the  local  path  plan  generated  by  the  PILOT 
and  drives  the  vehicle. 

The  PILOT  is  decomposed  into  several  submodules  which  run 
concurrently  (see  Figure  6). 

•  DRIVING  MONITOR  decomposes  the  route  segment  into 
small  pieces  called  driving  units.  A  driving  unit  is  the 
basic  unit  for  perception,  planning,  and  control  processing 
at  the  local  navigation  level.  For  example,  PERCEPTION 
must  be  able  to  process  a  whole  driving  unit  with  a  single 
image.  The  DRIVING  MONITOR  creates  a  driving  unit 
description  ,  which  describes  objects  in  the  driving  unit, 
and  sends  it  to  the  following  submodules. 

•  DRIVING  UNIT  FINDER  functions  as  an  interface  to 
PERCEPTION,  sending  the  driving  unit  description  to  it 
and  getting  the  result  from  it. 


•  POSITION  ESTIMATOR  estimates  the  vehicle  position 
using  both  of  the  result  of  PERCEPTION  and  dead- 
reckoning. 

•  DRIVING  UNIT  NAVIGATOR  determines  the  admissible 
passage  in  which  to  drive  the  vehicle. 

•  LOCAL  PATH  PLANNER  generates  the  path  plan  within 
the  driving  unit,  avoids  obstacles  and  keeps  the  vehicle  in 
the  admissible  passage  The  path  plan  is  sent  to  the 
HELM. 


2.3.2.  CODGER 

The  second  problem  in  the  system  architecture  design  is 
connecting  the  modules.  Based  on  our  des:nn  principles,  we  have 
’reated  a  software  system  called  CODGER  (Communications 
'atabase  with  GEometric  Reasoning)  which  supports  parallel 
synchronous  execution  and  communication  between  the  modules. 
le  describe  CODGER  in  detail  in  the  next  section. 


3.  Parallelism 


3.1.  The  CODGER  System  for  Parallel  Processing 

In  order  to  navigate  in  real-time,  we  have  employed  parallelism  in 
our  perception,  planning,  and  control  subsystems.  Our  computing 
resources  consist  of  several  SUN-3  microcomputers,  VAX 
minicomputers,  and  a  high-speed,  parallel  processor  known  as  the 
WARP  interconnected  with  an  EtherNet.  We  have  designed  and 
implemented  a  software  system  called  CODGER  (Communications 
Database  with  GEometric  Reasoning)  [9]  to  effectively  utilize  this 
parallelism. 

The  CODGER  svstem  consists  of  a  central  database  ( Local  Map),  a 
process  that  man  ies  this  database  ( Local  Map  Puilder  or  LMB),  and 
a  library  of  fur  .ons  for  accessing  the  data  ( LMB  interface)  (see 
Figure  7).  The  various  perceptual,  planning,  and  control  modules  in 
the  system  are  compiled  with  the  LMB  intenace  and  invoke  functions 
to  store  and  retrieve  data  from  the  central  database.  The  CODGER 
system  can  be  run  on  any  mix  of  SUN-3s  and  VAXes  and  handles 
data  type  conversions  automatically.  This  system  permits  highly 
modular  development  requiring  recompilation  only  for  modules  directly 
affected  by  a  change. 


Figure  6:  Submodule  Structure  of  the  PILOT 
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3.1.1.  Data  Representation 

Data  in  the  1  ocal  Map  is  represented  in  tokens  consisting  ot  lists  ot 
attribute  value  pairs.  Tokens  can  be  used  to  represent  any 
^formation  including  physical  objects,  hypotheses,  plans,  commands, 
and  reports.  The  token  types  are  det.ned  in  a  template  tile  which  is 
read  by  the  I  MB  at  system  startup  time  Attribute  types  may  be  the 
usual  scalars  (e.g.,  tloats,  integers),  sets  ot  scalars,  or  geometric 
locations.  Geometric  locations  consist  ot  a  two  dimensional 
polygonal  shape  and  a  reterence  coordinate  frame.  The  CODGER 
system  provides  mechanisms  tor  defining  coordinate  trames  and  for 
automatically  converting  geometric  data  from  one  frame  to  another 
thereby  allowing  modules  to  retrieve  data  from  the  database  and 
representing  it  in  a  form  meaningful  to  them  Geometric  data  is  the 
only  data  interpreted  by  the  CODGER  system,  the  interpretation  ot  all 
other  data  types  is  delegated  to  the  modules  that  use  them. 


3.1.2.  Synchronization 

The  LMB  interface  provides  functions  for  storing  and  retrieving  data 
from  the  central  database.  Tokens  can  be  retrieved  using 
specifications.  Specifications  are  simply  boolean  expressions 
evaluated  across  token  attribute  values.  A  specification  may  include 
computations  such  as  mathematical  expressions,  boolean  relations, 
and  comparisons  between  attribute  values.  Geometric  indexing  is  ot 
particular  importance  tor  a  mobile  robot  system.  For  example  the 
planner  needs  to  search  a  database  ot  map  objects  to  locate  suitable 
landmarks  or  to  find  the  shortest  path  to  the  goal.  The  CODGER 
system  provides  a  host  ot  functions  including  those  for  computing  the 
distance  and  intersection  of  locations.  These  functions  can  be 
embedded  in  specifications  and  matched  to  the  database. 

The  CODGER  system  has  a  set  ot  primitives  to  ensure  that  data 
transfer  between  system  modules  is  synchronized  and  runs  smoothly. 
The  synchronization  is  implemented  in  the  data  retrieval  mechanism. 
Specifications  are  sent  to  the  LMB  as  either  one-shot  or  standing 
requests.  For  one-shot  specs,  the  calling  module  blocks  while  the 

LMB  matches  the  spec  to  the  tokens.  Tokens  that  match  are  retrieved 
and  the  module  resumes  execution.  It  no  tokens  match,  either  the 
module  stays  blocked  until  a  matching  token  appears  in  the  database 
or  an  error  is  returned  and  the  module  resumes  execution,  depending 
on  an  option  specified  in  the  request.  For  example,  the  PATH 
PLANNER  may  use  a  one-shot  to  find  obstacles  stored  in  the 
database  before  it  can  plan  a  path.  In  contrast,  the  HELM,  which 
controls  the  vehicle,  uses  a  standing  spec  to  retrieve  tokens  supplying 
steering  commands  whenever  they  appear. 


3.2.  Parallel  Asynchronous  Execution  of  Modules 

Thus  tar  we  have  run  our  scenarios  with  tour  SUN-3s 
interconnected  with  an  EtherNet.  The  CAPTAIN,  MAP  NAVIGATOR, 
Pll  OT,  and  HELM  are  separate  modules  in  the  system,  and 
PERCEPTION  is  two  modules  (range  and  camera  image  processing) 
All  of  the  modules  run  in  parallel;  they  synchronize  themselves 
through  the  LMB  database. 


3.2.1.  Global  and  Local  Navigation 

A  good  example  ot  parallelism  in  the  system  is  the  interaction 
between  the  CAPTAIN,  MAP  NAVIGATOR,  and  PILOT.  The 
CAPTAIN  and  MAP  NAVIGATOR  search  the  map  database  to  plan  a 
global  path  tor  the  vehicle  in  accoi dance  with  the  mission 
specification.  The  PILOT  coordinates  PERCEPTION,  PATH 
PLANNING,  and  control  through  the  HELM  to  navigate  locally.  The 
global  and  local  navigation  operations  run  in  parallel.  The  MAP 
NAVIGATOR  monitors  the  progress  Ot  the  PILOT  to  ensure  that  the 
PILOT'S  transition  from  one  route  segment  to  the  next  occurs 
smoothly. 


3.2.2.  Driving  Pipeline 

Another  good  example  ot  oarallelism  is  within  the  PILOT  itself  As 
described  earlier,  the  PILOT  monitors  local  navigation  For  each 
driving  unit  the  PILOT  performs  tour  operations  in  the  following  order 
predict  it  recognize  with  the  camera  and  scan  it  tor  obstacles  with  the 
rangefinder  establish  driving  constraints  and  plan  a  path  through  it, 
and  oversee  the  vehicle's  execution  ot  it.  In  the  PILOT  these  tour 
operations  are  separate  modules  linked  together  in  a  pipeline  While 
in  steady  state  the  PILOT  is  predicting  a  driving  unit  12  to  16  meters 


in  front  ot  the  vehicle  recognizing  a  driving  unit  and  scanning  it  tor 
obstacles  (in  parallel)  8  to  12  meters  in  tront,  planning  a  path  4  to  8 
meters  in  tront  and  driving  to  a  point  4  meters  in  tront.  The  stages  ot 
the  pipeline  synchronize  themselves  through  the  CODGER  database. 

The  processing  times  for  each  stage  vary  as  a  function  ot  the 
navigation  task.  In  navigation  on  uncluttered  roads  the  vision 
subsystem  requires  about  10  seconds  ot  real-time  per  image  the 
range  subsystem  requires  about  6  seconds,  and  the  local  path 
planner  requires  less  than  a  second.  In  this  case  the  stage  time  ot 
the  pipeline  is  that  ot  the  vision  subsystem-  10  seconds  In  cluttered 
environments,  the  local  path  planner  may  require  10  to  20  seconds  or 
more,  thereby  becoming  the  bottleneck.  In  either  case  the  vehicle  is 
not  permitted  to  drive  on  to  a  driving  unit  unit  it  has  propagated 
through  all  stages  of  the  pipeline  (i.e  ,  all  operations  have  been 
performed  on  it)  For  example  when  driving  around  the  corner  ot  a 
building,  the  vision  stage  must  wait  until  the  vehicle  reaches  the 
corner  in  order  to  see  the  next  driving  unit.  Once  the  vehicle  reaches 
the  corner,  it  must  stop  while  waiting  tor  the  vision,  scanning,  and 
planning  stages  to  process  the  driving  unit  before  driving  again. 


4.  Sensor  Fusion 


4.1.  Types  of  Sensor  Fusion 

The  NAVLAB  and  Terregator  vehicles  are  equipped  with  a  host  ot 
sensors  including  color  cameras  a  laser  rangefinder,  arid  motion 
sensors  such  as  a  gyro  and  shaft-encoder  counter  In  order  to  obtain 
a  single,  consistent  interpretation  of  the  vehicle’s  environment,  the 
results  of  these  sensors  must  be  fused.  We  have  identified  three 
types  of  sensor  fusion  [8j: 

•  Competitive:  Sensors  provide  data  that  either  agrees  or 
conflicts.  This  case  arises  when  sensors  provide  data  ot 
the  same  modality  In  the  CMU  systems,  the  task  ot 
determining  the  vehicle's  position  best  characterizes  this 
type  ot  fusion.  Readings  from  the  vehicle's  dead¬ 
reckoning  system  as  well  as  landmark  sightings  provide 
estimates  ot  the  vehicle's  position. 

•  Complementary;  Sensors  provide  data  ot  different 
modalities.  The  task  of  recognizing  three-dimensional 
objects  illustrates  this  kind  ot  fusion.  In  the  CMU 
systems,  a  set  ot  stairs  is  recognized  using  a  color 
camera  and  laser  rangefinder.  The  color  camera 
provides  image  information  (e.g.,  color  and  texture)  while 
the  laser  rangefinder  provides  three-dimensional 
information. 

•  Independent:  A  single  sensor  is  used  tor  each  task.  An 
example  ot  a  task  requiring  a  single  sensor  is  distant 
landmark  recognition  In  this  case,  only  the  camera  is 
used  tor  landmarks  beyond  the  range  ot  the  laser 
rangefinder. 


4.2.  Examples  of  Sensor  Fusion  Tasks 


4.2.1.  Vehicle  Position  Estimation 

In  our  road  following  scenarios,  vehicle  position  estimation  has 
been  the  most  important  sensor  fusion  task.  By  vehicle  position,  we 
mean  the  position  and  orientation  ot  the  vehicle  in  the  ground  plane  (3 
degrees  ot  freedom)  relative  to  the  world  coordinate  frame.  In  t  e 
current  system  there  are  two  sources  ot  position  information.  First, 
dead  reckoning  provides  vehicle-based  position  information.  The 
CODGER  system  maintains  a  history  ot  the  steering  commands 
issued  to  the  vehicle  effectively  recording  the  trajectory  ot  the  vehicle 
from  its  starting  point. 

Second  landmark  sightings  directly  pinpoint  the  position  ot  the 
vehicle  with  respect  to  the  world  af  a  point  in  time.  In  the  campus  test 
site  the  system  has  access  to  a  complete  topographical  map  ot  the 
sidewalks  arid  intersections  on  which  it  drives.  The  system  uses  a 
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co|or  camera  to  sight  the  intersections  and  sidewalks  and  uses  these 
sightings  to  correct  the  estimate  ot  the  vehicle's  position.  The 
intersections  are  of  rank  three,  meaning  that  the  position  and 

deWm  neH?  M,hn  ^h,cle.  wi,h  resPect  to  the  intersection  can  be 
mite  6d  h  y  (  °  ,hree  degrees  of  freedom)  from  the  sighting  Our 
tile  J  n  SLich  landmark  sightings  are  far  more  accurate 
but  less  reliable  than  the  current  dead-reckoning  system,  that  is, 

landmark  sightings  provide  more  accurate  vehicle  position  estimates 
however  the  sightings  occasionally  fail.  If  the  vehicle  position 
estimates  from  the  sighting  and  dead  reckoning  disagree  drastically, 
the  conflict  is  settled  in  favor  of  the  dead-reckoning  system;  otherwise, 
the  result  from  the  landmark  sighting  is  used.  In  this  case,  the 
CODGER  system  adjusts  its  record  of  the  vehicle's  trajectory  so  that  it 
agrees  with  the  most  recent  landmark  sighting,  and  discards  all 
previous  sightings. 


The  CODGER  system  is  able  to  handle  landmark  sightings  of  rank 
less  than  three.  The  most  common  "landmark''  in  our  scenarios  is  the 
sidewalk  on  which  the  vehicle  drives  Since  a  sidewalk  sighting 
provides  only  the  orientation  and  perpendicular  distance  ot  the  vehicle 
with  respect  to  the  sidewalk,  the  correction  is  of  rank  two.  Therefore, 
the  position  of  the  vehicle  is  constrained  to  lie  on  a  straight  line  The 
CODGER  system  projects  the  position  of  the  vehicle  from  dead¬ 
reckoning  onto  this  line  and  uses  the  projected  point  as  a  full  (rank 
three)  correction.  Since  most  of  the  error  in  the  vehicle  s  motion  is 
lateral  drill  from  the  road,  this  approximation  works  well. 


4.2.2.  Pilot  Control 

Complementary  fusion  is  grounded  in  the  Pilot's  contr .  ,  tunctions. 
The  Pilot  ensures  that  the  vehicle  travels  only  where  it  ;s  permitted 
and  where  it  can.  For  example,  the  color  camera  Is  used  to  segment 
road  from  nonroad  surfaces.  The  laser  rangefinder  sea'  he  area  in 
front  of  the  vehicle  lor  obstacles  or  unnavigable  (i.e  ,  rc  ,gh  or  steep) 
terrain.  The  road  surface  is  fused  with  the  free  space  and  is  passed 
to  the  local  path  planner.  Since  the  two  sensor  operations  do  not 
necessarily  occur  at  the  same  time,  the  vehicle's  dead-reckonina 
system  also  comes  Into  play. 


the  vehicle.  The  PERCEPTION  module  digitizes  an  image  in  each 
driving  unit,  and  the  vehicle's  position  is  estimated  and  its  trajectory  is 
planned  once  in  each  driving  unit.  Therefore,  an  appropriate  driving 
unit  size  is  essential  for  stable  control.  For  example,  the  sensor  view 
frame  cannot  cover  a  very  large  driving  unit  Conversely,  small  driving 
units  place  rigid  constraints  on  the  LOCAL  PATH  PLANNER  because 
of  the  short  distance  between  the  starting  point  and  the  goal  print. 
The  aiming  of  the  sensor  view  frame  determines  the  point  at  which  to 
digitize  an  image  and  to  update  the  vehicle  position  and  path  plan 

In  the  current  system,  the  sensor  view  frame  is  always  tixed  with 
respect  to  the  vehicle.  The  size  of  the  driving  unit  is  fixed  for  driving 
on  roads  (4-6  meters  length),  and  is  changed  for  turning  at 
intersections  so  that  the  entire  intersection  can  be  see  in  a  single 
image  and  to  increase  driving  stability  (see  Figure  8).  This  method 
works  well  in  almost  all  situations  in  current  ust  site 


Figure  8:  Intersection  Driving  Unit 


4.2.3.  Colored  Range  image 

Another  example  of  complementary  fusion  of  camera  and  range 
data  is  the  colored  range  image.  A  colored  range  image  is  created  by 
"painting"  a  color  image  onto  the  depth  map  of  a  range  image.  The 
resultant  image  is  used  in  our  systems  to  recognize  complicated  three 
dimensional  objects  such  as  a  set  of  stairs.  In  order  to  avoid  the 
relatively  large  error  in  the  vehicle's  dead-reckoning  system,  the 
vehicle  remains  motionless  while  digitizing  a  corresponding  pair  of 
camera  and  range  images  [2], 


4.3.  Problems  and  Future  Work 

We  have  plans  tor  improving  our  sensor  fusion  mechanisms. 
Currently,  the  CODGER  system  handles  comrjeting  sensor  data  by 
retaining  the  most  recent  measurement  and  discarding  all  others. 
This  is  undesirable  for  the  following  reasons  First,  a  single  bad 
measurement  (e  g.,  landmark  sighting)  can  easily  throw  the  vehicle  off 
track.  Second,  measurements  can  reinforce  each  other.  By 
discarding  old  measurements,  useful  intormation  is  lost.  A  weighting 
scheme  is  needed  for  combining  competing  sensor  data.  In  many 
cases,  it  is  useful  iu  model  error  in  censor  data  as  gaussian  noise. 
For  example,  error  in  dead-reckoning  may  arise  trom  random  error  in 
the  wheel  velocities.  Likewise,  quantization  error  in  range  and  camera 
images  can  be  modeled  as  gaussian  noise.  A  number  of  schemes 
exist  for  fusing  such  data  ranging  from  simple  Kalman  filtering 
techniques  to  full-blown  Bayesian  observation  networks  [1]  [7]. 


5.  Local  Control 

In  this  section  we  discuss  some  of  the  control  problems  in  local 
navigation 


5.1  Adaptive  Driving  Units  and  Sens-  /iew  Frames 

Management  of  driving  units  and  sensor  <ew  trames  is  essential  in 
local  control.  As  described  in  section  2,  the  driving  unit  is  a  minimum 
control  unit,  a  unit  to  perceive  objects,  generate  a  path  plan,  and  drive 


For  intersections  requiring  sharp  turns  (about  135  degrees),  the 
current  method  does  not  suffice.  Because  there  is  only  orte  driving 
unit  at  the  intersection,  the  system  digitizes  an  image,  estimates  the 
vehicle's  position,  and  generates  a  path  plan  only  once  for  a  large 
’.urn.  Furthermore,  since  the  camera's  field  ot  view  is  fixed  straight 
ahead,  the  system  cannot  see  the  driving  unit  after  the  intersection 
until  the  vehicle  has  turned  through  the  intersection.  Though  actual 
path  generated  is  not  so  bad,  it  is  potentially  unstable. 

This  experimental  result  indicates  that  the  system  should  scan  for 
an  admissible  passage,  and  update  vehicle  position  estimation  and 
local  path  plan  more  frequently  when  the  vehicle  changes  its  course 
faster.  We  plan  to  improve  our  method  for  managing  driving  units. 
Our  new  idea  is: 

•  Length  of  the  driving  unit;  The  length  of  the  driving  unit 
is  bounded  at  the  low  end  by  the  LOCAL  PATH 
PLANNER'S  requirements  for  generating  a  reasonable 
path  plan,  and  at  the  high  end  by  the  view  frame  required 
by  PERCEPTION  for  recognizing  a  given  object. 

•  driving  unit  Interval:  The  driving  unit  interval  is  the 
distance  between  the  centers  of  adjacent  driving  units. 
Adjacent  driving  units  can  be  overlapped,  that  is,  they  can 
be  placed  such  that  their  interval  is  shorter  than  their 
length.  Figure  9  illustrates  this  situation 

•  adjusting  size  and  Interval  of  driving  unit;  if  the 

passage  is  simple,  the  length  and  interval  of  the  driving 
unit  is  long  If  the  passage  is  complex,  for  example,  in 
the  case  of  highly  curved  roads  or  intersections,  or  in  the 
presence  ot  obstacles,  the  length  and  interval  of  driving 
unit  are  shorter.  And  if  the  required  driving  unit  interval 
must  be  shorter  than  the  length  of  driving  unit,  the  driving 

units  are  overlapped.  Therefore,  the  vehicle's  position  is 
estimated  and  a  local  path  is  planned  more  frequently  so 
that  the  vehicle  drives  stably  (see  Figure  9), 
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Figure  9:  Adaptive  Driving  Units 


•  adjusting  sensor  view  frame:  The  sensor  view  trame 
with  respect  to  the  vehicle,  the  distance  and  the  direction 
to  the  driving  unit  from  the  vehicle,  is  adjusted  using  the 
pan  and  tilt  mechanism  ot  the  sensor.  In  most  cases,  a 
longer  distance  to  the  next  driving  unit  allows  a  higher 
vehicle  speed.  It  the  processing  time  ot  the 
PERCEPTION  and  the  PILOT  is  constant,  the  longer 
distance  means  a  higher  vehicle  speed.  But  the  longer 
distance  produces  less  accuracy  in  perception  ano 
vehicle  position  estimation.  Therefore,  the  distance  is 
determined  tor  the  required  accuracy,  which  depends  on 
the  complexity  of  passage.  Using  the  pan  and  tilt 
mechanism,  PERCEPTION  can  digitize  an  image  at  the 
best  distance  from  the  driving  unit,  since  the  sensor's 
view  frame  is  less  rigidly  tied  to  the  orientation  and 
position  of  the  vehicle. 


5.2.  Vehicle  Speed 

It  is  an  important  capability  tor  autonomous  mobile  robot  to  adjust 
the  vehicle's  speed  automatically  so  that  the  vehicle  drives  safely  at 
the  highest  possible  speed.  The  current  system  slows  the  vehicle 
down  in  turning  to  reduce  driving  error. 

The  delay  in  processing  in  the  LOCAL  PATH  PLANNER  and 
communication  between  the  HELM  and  actual  vehicle  mechanism 
gives  rise  to  error  in  vehicle  position  estimation.  For  example, 
because  ot  continuous  motion  and  non-zero  processing  time,  the 
vchlcW  pc-stticn  used  by  thr;  I OCAI  PATH  PI  annifr  as  p  darling 
point  differs  slightly  from  the  vehicle  position  when  the  vehicle  starts 
executing  the  plan.  Because  the  smaller  turning  radii  give  rise  to 
larger  errors  in  the  vehicle’s  heading,  which  are  more  serious  than 
displacement  errors,  the  HELM  slows  vehicle  for  the  smaller  turning 
radii  This  method  is  useful  for  making  the  vehicle  motion  stable 

We  are  going  to  add  the  capability  to  the  system  for  adjusting  the 
vehicle  speed  to  the  highest  possible  value  automatically.  Our  idea  is 
tfi-  TuftdWfny. 

•  schedule  token:  The  modules  and  the  submodules 
working  at  the  local  navigation  level  store  their  predicted 
processing  times  in  a  schedule  token  in  each  cycle. 
PERCEPTION  is  the  most  time  consuming  module,  and 
its  processing  time  varies  drasticly  from  task  to  task. 

•  adjusting  vehicle  speed:  Using  the  path  plan  and  the 
predicted  processing  time  stored  in  the  schedule  token, 
the  HELM  calculates  and  adjusts  vehicle  speed  so  that 
the  speed  is  maximum  and  the  modules  can  tinish 
processing  the  driving  unit  before  the  vehicle  reaches  the 
end  ot  the  current  planned  trajectory. 


5.3.  Local  Path  Planning  and  Obstacle  Avoidance 

Local  path  planning  is  the  task  ot  finding  a  trajectory  tor  the  vehicle 
through  admissible  space  to  a  goal  point.  In  our  system,  the  vehicle  <s 
constrained  to  move  in  the  ground  plane  around  obstacles 
(represented  by  polygons)  while  remaining  within  the  driving  unit  (also 
a  polygon).  We  have  employed  a  configuration  space  approach 
[5]  [6]  This  algorithm,  however  assumes  that  the  vehicle  is 
omnidirectional  Since  our  vehicles  are  not  we  smooth  the  resultant 
path  to  ensure  that  the  vehicle  can  execute  it.  The  smoothed  path  is 
not  guaranteed  to  miss  obstacles  We  plan  to  overcome  this  problem 
by  developing  a  path  planner  that  reasons  about  constraints  on  the 
vehicle’s  motion. 


6.  Navigation  Map 

Some  information  about  vehicle’s  environment  must  be  supplied  to 
the  system  a  priori,  even  it  it  is  incomplete,  and  even  it  it  is  nothing 
more  than  a  data  format  tor  storing  explored  terrain  The  user 
mission,  tor  example,  ’’turn  at  the  second  cross  intersection  and  stop 
in  front  ot  the  three  oak  trees”  does  not  make  sense  to  the  system 
without  a  description  of  environment.  The  Navigation  Map  is  a  da'a 
base  to  store  the  environment  description  needed  for  navigation. 


6.1.  Map  Structure 

The  navigation  map  is  a  set  of  descriptions  ot  physical  objects  in 
navigation  world.  It  is  composed  ot  two  parts,  the  geographical  map 
and  the  object  data  base.  The  geographical  map  stores  object 
locations  with  their  contour  polylines.  The  object  data  base  stores 
object  geometrical  shapes  and  other  attributes,  tor  example,  the 
navigation  cost  ot  objects.  Though,  in  the  current  system,  all  objects 
are  described  with  both  ot  the  geographical  map  and  the  object  data 
base,  in  general,  either  ot  them  can  be  unused.  For  example,  the 
location  ot  stairs  A  is  known,  but  its  shape  is  unknown. 

The  shape  description  is  composed  of  two  layers.  The  first  layer 
stores  shape  attributes.  For  example,  the  width  of  the  road,  the  length 
ot  the  road,  the  height  ot  the  stairs  ,  the  number  of  steps,  etc.  The 
second  layer  stores  actual  geometrical  shapes  represented  by  the 
surface  description.  It  is  easy  to  describe  incomplete  shape 
information  with  only  the  first  layer. 


6.2.  Data  retrieval 

The  map  data  is  stored  in  the  CODGER  data  base  as  a  set  ot 
tokens  forming  tree  structure.  In  order  to  retrieve  map  data,  parents 
tokens  have  indexes  to  children  tokens.  Because  current  CODGER 
system  provides  modules  with  a  token  retrieval  mechanism  that  can 
pick  up  only  one  token  at  a  time,  retrieving  large  portions  ot  the  map  is 
cumbersome.  We  plan  to  extend  CODGER  so  that  it  can  match  and 
retrieve  larger  structures,  possibly  combined  with  an  inheritance 
merhantem 


7.  Other  Tasks  of  the  System 

Navigation  is  just  one  goal  of  a  mobile  robot  system  Generally 
speaking,  howeve.,  navigation  iiaen  is  not  an  end,  but  aotuSity  a 
means  to  achieve  the  tinal  goals  of  the  autonomous  mobile  robot 
system,  such  as  carrying  baggage,  exploration,  or  refueling 
Therefore,  the  system  architecture  must  be  able  to  accommodate 
tasks  other  tnan  navigation. 

Figure  10  illustrates  one  example  of  an  extended  system 
archite  ture  which  loads,  carries  and  unloads  baggage  The  whole 
system  is  comprised  ot  tour  layer:,  mission  control,  vehicle  resource 
management,  signal  processing,  and  physical  hardware  i  he 
CAPTAIN,  only  one  module  in  the  mission  control  layer  stores  the 
user  mission  steps,  sends  them  to  the  vehicle  resource  management 
layer  one  by  one,  and  oversees  their  execution. 
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Figure  10: 


Extended  System  Architecture 


in  the  vehicle  resource  management  layer,  there  are  different 
'doles  working  for  dilferent  tasks.  Altho  their  tasks  arc  different, 
y  all  work  in  a  symbolic  domain  and  do  not  handle  the  physical 
^rld  directly.  These  modules  oversee  mission  execution,  generate 
ins,  and  pass  information  to  modules  in  the  signal  processing  layer 
through  CODGER,  they  can  communicate  with  each  other,  if 
lecessary  The  MAP  NAVIGATOR  and  the  PILOT,  parts  of  the 
navigation  system,  are  included  in  the  vehicle  resource  management 
yer.  I  he  MANIPULATOR  makes  a  plan  (e.g  ,  how  to  load  and 

unload  baogage  with  the  arm)  and  sends  it  to  the  ARM 
CONTROLLER. 

The  modules  in  the  signal  processing  layer  interact  with  physical 
rid  using  senors  and  actuators.  For  example,  PERCEPTION 
processes  the  signals  Irom  sensors,  the  HELM  drives  the  physical 
■hide,  and  Ihe  ARM  CONTROLLER  operates  the  robot  arm.  The 
bo'tom  level  contains  the  real  hardware,  even  if  it  includes  some 
litive  controller.  The  sensors,  the  physical  vehicle,  and  the  robot 
arm  are  included  in  this  layer. 

Because  our  current  system  architecture  is  built  on  the  CODGER 
y  tern  it  will  be  easy  to  expand  it  to  include  these  additional 
.apabilities 


8.  Conclusions 

In  this  paper,  we  have  described  the  CMU  architecture  for 
ulonomous  outdoor  navigation.  The  system  is  highly  modular  and 
ncludes  components  lor  both  global  and  local  navigation.  Global 
navigation  is  carried  out  by  a  route  planner  that  searches  a  map 
u  i, abase  to  find  the  best  path  satisfying  a  mission  and  oversees  its 
:  'mention.  Local  navigation  is  carried  out  by  modules  that  use  a  color 
;  uriei  a  and  a  laser  rangetinder  to  recognize  roads  and  landmarks, 

<n  for  obstacles,  reason  about  geometry  to  plan  paths,  and  oversee 
i,.'>  vehicle's  execution  of  a  planned  trajectory . 

1  he  perception,  planning,  and  control  components  are  integrated 
into  a  single  system  through  the  CODGER  software  system. 
jODGFR  provides  a  common  data  representation  scheme  lor  all 
modules  in  the  system  with  spt  Jal  attention  paid  to  geometry. 

ODGER  also  provides  primitives  for  synchronizing  the  modules  in  a 
Way  that  maximizes  parallelism  at  both  the  local  and  global  levels. 

We  have  demonstrated  our  system’s  ability  to  drive  around  a 
network  of  sidewalks  and  along  a  curved  road,  recognize  complicated 
midmarks,  and  avoid  obstacles.  Future  work  will  locus  on  improving 
DGER  for  handling  more  difticult  sensor  fusion  problems.  We  will 
wcik  on  better  schemes  for  local  navigation  and  will  strive  to 
e  our  dependence  ori  map  data. 
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Ql  AUTAT1TE  NAVIGATION 


Tod  S.  Levitt,  Daryl  T.  Lawton,  David  M  Chelberg,  Philip  C.  Nelson 
Advanced  Decision  Systems,  Mountain  View,  California  91040 


ABSTRACT 

Existing  robot  navigation  techniques  such  as  tri¬ 
angulation,  dead  reckoning  ranging  sensors,  or  stereo, 
depend  on  accurate  range  data,  correspondence  of  map 
data  with  the  robot’s  location,  good  estimates  of  the 
robot’s  motion,  inertial  navigation  systems,  or  upon 
local  obstacle  avoidance  techniques.  These  approaches 
tend  to  be  brittle,  accumulate  error  and  utilize  little  or 
no  perceptual  information. 

This  paper  describes  a  formal  theory  that  depends 
on  visual  landmark  recognition  for  representation  of 
environmental  locations,  and  encodes  local  perceptual 
knowdedge  in  structures  called  viewframes.  Paths  in 
the  world  are  represented  as  sequences  of  sets  of  land¬ 
marks,  viewframes,  and  other  distinctive  visual  events. 
Approximate  headings  are  computed  between 
viewframes  that  have  lines  of  sight  to  common  land¬ 
marks.  Range-free,  topological  descriptions  of  place, 
called  orientation  regions,  are  rigorously  abstracted 
from  viewframes.  They  yield  a  coordinate-free  model 
of  visual  landmark  memory  that  can  also  be  used  for 
navigation  and  guidance.  With  this  approach,  a  robot 
can  opportunistically  observe  and  execute  visually  cued 
“shortcuts'  .  Map  and  metric  data  are  not  required, 
but,  if  available,  are  handled  in  a  uniform  representa¬ 
tion  within  the  qualitative  naviga  i  m  techniques. 


1.  INTRODUCTION 

The  questions  that  define  navigation  and  gui¬ 
dance  are: 

•  Where  am  I? 

•  Where  are  other  places  relative  to  me? 

•  How  do  I  get  to  other  places  from  here? 

A  robot  that  moves  about  the  world  must  be  able  to 
compute  answers  to  these  questions.  This  paper  is  con¬ 
cerned  with  the  structure  and  processing  for  robotic 
visual  memory  and  inference  that  yields  navigation  and 
guidance.  Here,  guidance  means  the  problem  of  visual 
path-planning.  That  is,  the  input  data  is  assumed  to 
be  percepts  extracted  from  imagery,  and  a  database, 
i.e.,  memory  of  models  for  visual  recognition.  A  priori 
model  and  map  data  is  only  relevant  insofar  as  it  pro¬ 


vides  a  basis  for  runtime  recognition  of  observable 
events.  This  is  distinguished  from  path  t ravt  rsabilitv 
planning  where  the  guidance  questions  concern  comput¬ 
ing  shortest  distances  between  points  under  constraints 
of  support  of  the  ground  or  surrounding  environment 
for  the  robotic  vehicle. 

\  multi-level  theory  of  spatial  representation 
based  upon  the  observation  and  re-acquisition  of  dis¬ 
tinctive  visual  events  (i.e.,  landmarks)  has  been 
developed.  The  representation  provides  the  theoretical 
foundations  for  a  visual  memory  database  that  includes 
coordinate  free,  topological  representation  of  relative 
spatial  location,  yet  smoothly  integrates  available 
metric  knowledge  of  relative  or  absolute  angles  and  dis¬ 
tances.  Rules  and  algorithms  are  presented  that,  under 
the  assumption  of  correct  association  of  landmarks  on 
re-acquisition  (although  not  assuming  landmarks  are 
necessarily  re-acquired)  provide  a  robot  with  navigation 
and  guidance  capability.  The  visual  memory  con¬ 
structed  while  moving  through  the  environment  con¬ 
tains  sufficient  data  to  deduce  or  update  a  map  of  the 
environment. 

Existing  robot  navigation  techniques  include  tri¬ 
angulation  Matthies  and  Shafer  -  86  ,  ranging  sensors 
Hebert  and  Kanade  -  86,  auto-focus  Pentland  -  8."), 
stereo  techniques  Lucas  and  Kanade  -  81  ,  Eastman 
and  Waxman  -  85  ,  dead  reckoning,  inertial  navigation, 
geo-satellite  location,  correspondence  of  map  data  wdth 
the  robot’s  location,  and  local  obstacle  avoidance  tech¬ 
niques  Moravec  -  80.  Thi-e  approaches  tend  to  be 
brittle  Bajcsy  et.al.  -  80  ,  accumulate  error  Smith  and 
Cheeseman  -  85  ,  are  limited  by  the  range  of  an  active 
sensor.  depend  on  accurate  measurement  of 
distance,  direction  perceived  or  traveled,  and  are  non- 
perceptual,  or  only  utilize  very  we.  k  perceptual  models. 

Furthermore,  these  theories  are  largely  concerned 
with  the  problem  of  measurement  and  do  not  centrally 
address  issues  of  map  or  visual  memory  arid  the  use  of 
this  memory  for  inference  in  vision-based  navigation 
and  guidance.  Exceptions  to  this  are  the  work  of 
Davis  -  86  ,  McDermott  and  Davis  -  81  ,  and  Kuipers 
77  .  Davis  addressed  the  problem  of  representation 
and  assimilation  of  2D  geometric  memory,  but,  assumed 
an  orthographic  view  of  the  world  and  did  not  consider 
navigation  or  guidance.  McDermott  at.  .  Davis 
developed  an  ad  hoc  mixture  of  vector  and  topological 
based  route  planning,  but  assumed  a  map,  rather  than 
vision  derived  world  (in  their  assumptions  of  knowledge 
of  boundaries,  their  shapes,  and  spatial  relationships), 
had  no  formal  theory  relating  the  multiple  levels  of 
representation,  and  consequently  did  not  derive  or 


implement  results  about  path  execution.  Kuipers 
developed  qualitative  techniques  for  navigation  and  gui¬ 
dance.  He  assumed  capability  of  landmark  recognition, 
as  we  do,  but  relied  on  dead-reckoning  and  constraint 
to  one  dimensional  (road)  networks  to  permit  path 
planning  and  execution. 

In  this  paper,  we  develop  representation  and 
inference  for  relative  geographic  position  information 
that: 

•  build  a  memory  of  the  environment  the  robot 
passes  through, 

•  contains  sufficient  information  to  allow  the 
robot  to  re-trace  its  paths, 

•  can  be  used  to  construct  or  update  an  a  pos¬ 
teriori  map  of  the  geographic  area  the  robot 
has  passed  through,  and 

•  can  utilize  all  rvailable  information,  including 
that  from  runtime  perceptual  inferences  and  a 
priori  map  data,  to  perform  navigation  and  gui¬ 
dance. 


To  accomplish  this,  the  notion  of  a  geographic  “place” 
is  defined  in  terms  of  data  about  visible  landmarks.  A 
place,  as  a  point  on  the  surface  of  the  ground,  is 
dpfinpd  by  thp  UndmPrks  and  <q*ntial  Tel 0  Mon  sbip , 
between  landmarks  that  can  be  observed  from  a  fixed 
location.  More  generally  we  can  define  a  place  as  a 
region  in  space,  in  which  a  fixed  set  of  landmarks  can 
be  observed  from  anywhere  in  the  region,  and  relation¬ 
ships  between  them  do  not  change  in  some  appropriate 
qualitative  sense.  Data  about  places  is  stored  in  struc¬ 
tures  called  viewframes,  boundaries  and  orientation 
regions. 

Viewframes  provide  a  definition  of  place  in  terms 
of  relative  angles  and  angular  error  between  landmarks, 
and  very  coarse  estimates  of  the  absolute  range  of  the 
landmarks  from  our  point  of  observation.  Boundaries 
and  orientation  regions  provide  a  more  qualitative 
definition  of  place.  Both  concepts  allow  us  to  localize 
ourselves  in  space  relative  to  a  set  of  observed  land¬ 
marks,  without  necessarily  using  a  priori  map  data. 


Viewframes  allow  us  to  localize  our  position  in 
space  relative  to  observable  local  landmark  coordinate 
systems.  In  performing  a  viewframe  localization  we 
can  make  use  of  observed  or  inferred  data  about  our 
approximate  range  to  landmarks.  Errors  in  ranging 
and  relative  angular  separation  between  landmarks  are 
smoothly  accounted  for.  A  priori  map  data  can  also  be 
incorporated. 

If  we  drop  all  range  information,  we  can  still  use 
the  notion  of  boundaries  to  determine  our  qualitative 
position  relative  to  other  landmarks.  A  pair  of  land¬ 
marks  creates  a  virtual  division  of  the  ground  surface 
by  the  line  connecting  the  two  landmarks.  The  observ¬ 
able  relative  orientation  of  the  landmarks,  i . e . ,  the  left- 
to-right  order  of  the  pair  of  landmarks,  indicates  which 
side  of  the  landmark-pair-boundary  (LPB)  we  are  on. 
A  set  of  LPB’s  with  orientations  determines  a  region  on 
the  ground  called  an  orientation  region.  LPB’s  can  be 
derived  by  considering  pairs  of  landmarks  from 
viewframes;  in  this  case  we  speak  of  the  set  of  orienta¬ 
tion  regions  induced  by  or  associated  to  the  viewframe. 

As  a  robot  moves  over  the  ground  surface,  the 
crossing  of  LPB’s  indicates  passage  from  one  orienta¬ 
tion  region  to  another.  Thus,  orientation  regions  are 
bounded  by  the  unique  observable  visual  events  of 
passing  to  the  right  of,  left  of,  or  between  a  pair  of 
landmarks.  In  this  manner,  LPB’s  and  orientation 
regions  yield  a  natural  notion  of  headings  and  paths  in 
the  environment. 

Paths  in  the  world  are  represented  as  sequences  of 
observations  of  landmarks,  viewframes,  LPB’s  and 

otlii'r  dLuiaHivr1  .v,v.li  W*  ? .  upuiri 

mate  headings  between  viewframes  that  have  lines  of 
sight  to  common  landmarks.  This  allows  a  robot  to 
opportunistically  observe  visually  cued  “shortcuts”. 

We  define  headings  as  world  states  that  can  be 
created  by  a  robotic  action,  namely  that  of  following 
the  heading  direction  specifier,  and  whose  negation,  i.e., 
failure  to  maintain  the  heading  specifier  while  in 
motion,  can  either  be  created  by  robotic  actions  or  per¬ 
ceptually  observed  in  environmental  events.  We  make 
computational  the  concept  of  maintaining  a  heading 
until  an  observable  or  inferable  termination  condition  is 
met.  While  a  heading  is  being  executed,  the  vision  sys¬ 
tem  builds  up  a  visual  representation  of  the  environ- 


Figure  2-L  Sensor  Centered  Coordinate  System 
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mmt  it  is  passing  through  Termination  conditions 
correspond  to  observable  or  computable  changes  in  our 
location  in  space,  triggering  additional  spatial  inference 
processes  if  we  have  not  reached  our  destination  goal. 

The  robust,  qualitative  properties  and  formal 
mathematical  basis  of  this  representation  and  inference 
processes  are  suggestive  of  the  navigation  and  guidance 
behavior  in  animals  and  humans  Schone  -  84  How¬ 
ever,  we  make  no  claims  of  biological  foundations  for 
this  approach 

In  the  following,  we  first  develop  the  mathema! 
cal  theory  of  viewframes,  boundaries  and  orientation 
regions.  We  then  show  how  these  qualitative, 
topological  concepts  interact  with  a  priori  metric  map 
data.  Perceptual  definitions  of  landmarks  and  require¬ 
ments  for  vision  system  performance  in  re-acquisit'on  of 
landmarks  to  support  the  proposed  perception-based 
navigation  approach  are  reviewed  in  Section  3.  Infer¬ 
ence  for  path  planning  over  viewframe,  boundary  and 
orientation  region  representations  are  presented  in  Sec¬ 
tion  4,  and  results  are  presented  in  Section  5. 


2.  TOPOLOGICAL  LANDMARK  NETWORK 
REPRESENTATIONS 


2.1  VIEWFRAMES 

A  viewframe  encodes  the  observable  landmark 
information  in  a  stationary  panorama.  That  is,  we 
assume  that  the  sensor  platform  is  stationary  long 
enough  for  the  sensor  to  pan  up  to  360  degrees,  to  tilt 
up  to  90  degrees  (or  to  use  an  omni-directional  sensor 
Cao  et.al.  -  86  ),  to  recognize  landmarks  in  its  field  of 
view,  or  to  buffer  imagery  and  recognize  landmarks 
while  in  motion. 

To  generate  a  viewframe,  relative  solid  angles 
between  distinguished  points  on  landmarks  are  com¬ 
puted  using  a  sensor-centered  coordinate  system.  A 
distinguished  point  on  a  landmark  may  be  a  statisti¬ 
cally  derived  point  such  as  the  centroid  of  the  projec¬ 
tion  of  the  landmark  in  an  image,  a  structurally 
derived  point  such  as  a  vertex  or  high  curvature  boun¬ 
dary  point,  or  ,erceptually  derived  as  in  a  unique 
visual  feature  of  the  landmark.  Representation  of  land¬ 
marks  and  choice  of  distinguished  points  is  presented  in 
greater  detail  in  Section  3. 

A  sensor-centered  spherical  coordinate  system  is 
established.  It  fixes  an  orientation  in  azimuth  and 
elevation,  and  takes  the  direction  opposite  the  current 
heading  as  the  zero  degree  axis.  Then  two  landmarks 
in  front  of  us,  relative  to  our  heading,  will  have  an 
azimuth  separation  of  less  than  180  degrees.  If  we 
assume  that  no  two  distinguished  landmark  points  have 
the  same  elevation  coordinates  (i.e.,  no  two  dis¬ 
tinguished  points  appear  one  directly  above  the  other) 
then  we  obtain  a  well-ordering  of  the  landmarks  in  the 
azimuth  direction,  which  we  can  speak  of  as  1  ordered 
from  left  to  right’  .  The  relative  solid  angle  between 
two  distinguished  landmark  points  is  now  well  defined; 
see  Figure  2-1. 


Under  the  above  assumptions,  we  can  pan  from 
left  to  right,  recognizing  landmarks,  L,  ,  and  stormg  the 
solid  angles  between  landmarks  in  order  denoting  the 
angle  between  the  i-th  and  j-th  landmarks  by  Ang,;  . 
The  basic  viewframe  data  are  these  two  ordered  lists, 
(L  VL  2,  )  and  (Ang12,Ang23,...).  The  relative  angular 

displacement  between  any  two  landmarks  can  be  com 
puted  from  this  basic  list.  However,  the  angle  between 
landmarks  that  is  more  readily  measured  is  the  planar 
angle  9  ,  established  by  the  sensor  focal  point  and  the 
two  distinguished  points  observed  in  the  i-th  and  j-th 
landmarks.  There  is  an  error  in  computing  these  rela 
tive  angles  that  is  at  least  as  great  as  resolution  of  the 
vision  system,  and  may  include  cumulative  pan/tilt 
error,  angular  ambiguity  in  landmark  point  localization, 
or  other  error  sources.  The  angular  error  is  measured 
by  c,  between  landmarks  i  and  j.  Finally,  range 
estimates  are  required  for  landmarks  recorded  in 
viewframes.  These  estimates  can  be  arbitrarily  coarse, 
but  finite.  We  only  require  that  the  true  range  lie 
between  the  bounds  specified  for  the  estimate.  We 
denote  the  range  interval  associated  to  landmark  T,  by 
r,  i , r,  2 , •  We  now  explain  how  it  is  possible  to  localize 
ourselves  in  space  relative  to  these  observed  landmarks. 

We  begin  by  noting  that  the  set  of  points  in  3- 
space  from  which  we  can  observe  an  angle  of  9tJ 
between  landmarks  L,  and  is  constrained  to  a 
closed  torus-like  surface;  a  cut-away  of  this  surface  is 
pictured  in  Figure  2-2.  This  is  more  easily  observed  in 
a  planar  cross-section,  where  the  shape  is  the  figure 
eight  cross-section  in  Figure  2-3.  To  prove  this,  we  set 
up  a  polar  coordinate  system  with  the  origin  at  L ,  ,  and 
with  at  coordinates  sn  ,0:.  where  stJ  is  the  fixed, 


Figure  2-2;  Constant  Angle  Toroid 


but  unknown,  distance  between  the  landmarks.  Denote 
the  (unknown)  distance  from  the  sensor  to  L ,  by  r, 
and  the  distance  to  L  by  r j  .  We  now  ask,  what  are 
the  set  of  points  in  the  plane,  r.ang  ,  from  w-hich  we 
can  observe  an  angle  of  0,;  between  and  L}  ’  This 
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situation  is  pictured  in  Figure  2-3.  We  can  now  com¬ 
pute: 

r,  stJ  cosd>  4-  -s,  cot  0sind> 


0  cot 


esc ft  cot  ft 


The  first 
polar  center 


equation  is  the  polar  form  for  a  circle  with 


* }  n  7*  s\ 

csc0»  0 


and  radius 


csrfl.  It 


has  singularities  where  r,  or  r  are  equal  lo  zero.  By 
symmetry  we  obtain  the  figure  eight  like  shape  pictured 
in  Figure  2-3.  Rotating  the  circular  arc  in  3-space 
about  the  axis  defined  by  the  line  segment  joining  Lt 
and  Lj  ,  we  obtain  the  figure  pictured  in  Figure  2-2. 


Figure  2-3:  Constant  Angle  Circular  Arcs 

Figure  2-3  shows  how  varying  the  sensor  location 
along  the  circular  arc  is  equivalent  to  varying  the  abso¬ 
lute  ranges  to  the  two  landmarks.  If  we  ran  bound  the 
ranges  to  the  landmarks,  then  we  can  localize  ourselves 
along  the  circular  arc  accordingly.  This  is  logically 
equivalent  to  establishing  a  local  coordinate  frame 
between  the  landmarks,  and  bounding  our  location 
relative  to  that  frame.  If  we  can  register  the  landmarks 
with  a  priori  map  data,  then  we  can  know  and  use  the 
distance  between  the  landmarks,  but  this  is  not  neces¬ 
sary. 


Error  in  angular  measurement  of  the  6t 
corresponds  to  different  choices  of  concentric  circular 
arcs  each  of  which  contains  L,  ,  L  and  the  sensor  focal 
point.  If  we  union  these  arcs  together,  we  obtain  the 
localization,  Locl;  ,  of  the  sensor  relative  to  the  two 
landmarks.  Because  our  localization  must  be  true  rela¬ 
tive  to  all  observed  landmark  pairs  simultaneously,  the 
intersection  of  the  Loc1;  over  all  i  >  j  ,  give  our  best 
localization.  Such  a  localization  is  pictured  in  Figure 
5-2.  Intersecting  the  Lor,  requires  that  the  Lor,  be 
represented  in  the  same  local  coordinate  frames.  We 
discuss  transformations  between  local  landmark  coordi¬ 
nate  frames  in  Section  4.  These  concepts  can  clearly  be 
extended  to  3-space  reasoning,  if  necessary. 


2.2  BOUNDARIES  AND  ORIENTATION 
REGIOl  IS 

Viewframes  contain  two  basic  dimensions  of  data: 
the  relative  angles  between  landmarks,  and  the 
estimated  range  (intervals)  to  the  landmarks.  If  we 
drop  the  range  information,  we  are  left  with  purely 
topological  data.  That  is,  it  is  impossible,  using  only 
the  relative  angles  between  landmarks,  and  no  range, 
map  or  other  metric  data,  to  determine  the  relative 
angles  between  triples  of  landmarks,  or  to  construct 
parametric  representations  of  our  location  with  respect 
to  the  landmarks.  Nonetheless,  there  is  topological 
localization  information  present  in  the  ordinal  sequence 
of  landmarks;  there  is  a  sense  in  which  we  can  compute 
differences  between  geographic  regions,  and  observe 
which  region  we  are  in. 

The  basic  concept  is  to  note  that  if  we  draw  a 
line  between  two  (point)  landmarks,  and  project  that 
line  onto  the  (possibly  not  flat)  surface  of  the  ground, 
then  this  line  divides  the  earth  into  two  distinct 
regions.  If  we  can  observe  the  landmarks,  we  can 
observe  which  side  of  this  line  we  are  on.  The  “virtual 
boundary”  created  by  associating  two  observable  land¬ 
marks  together  thus  divides  space  over  the  region  in 
which  both  landmarks  am  visible.  We  call  these 
1» n il m tir k-p.i ' '•-bo' i  n d.-- r? >.s  'LPB’aj,  ai  i  rf  note  the  LP1? 
'instructed  frcrn  the  ,’anoma'k.  ,  mid  l  „  by 

Roughly  speaking,  if  we  observe  that  landmark 
/,  !  is  on  our  left  hand,  and  landmark  L  2  is  on  our 
right,  and  the  angle  from  L  l  to  L  2  (left  to  right)  is  less 
rhan  180  degrees,  then  we  denote  this  side  of,  or 
equivalently,  this  orientation  of,  the  LPB  by  \L  t  i2 j. 
If  we  stand  on  the  other  side  of  the  boundary, 
LPB(F  | ,L  2),  “facing”  the  boundary,  then  L  2  will  be  on 
our  left  hand  and  L ,  on  our  right  and  the  angle 
between  them  less  than  180  degrees,  and  we  can  denote 
this  orientation  or  side  as  L  2  L  ,  (left  to  right). 

More  rigorously,  define: 

orientation-of-LPB(F  ,  ,L  2) 
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where  (-)12  is  the  relative  azimuth  angle  between  L  , 
and  I j  2  measured  in  an  arbitrary  sensor-centered  coor 
dinate  system.  Here,  an  orientation  of  -r  1  corresponds 
to  the  /.  |  h  .j  side  of  1  PB  /,  {,I  2).  1  corresponds  to 
the  L  2  L  ,  side  of  I  PB( /,  ,,L2)  an^  corresponds  to 
being  on  LPBfL,  L  2).  It  is  a  straightforward  to  show' 
that  this  definition  of  LPB  orientation  does  not  depend 
on  the  choice  of  sensor  centered  coordinate  system. 

LPB  s  give  rise  to  a  topological  division  of  the 
ground  surface  into  observable  regions  of  localization, 
called  orientation  regions.  Crossing  boundaries 
between  orientation  regions  leads  to  a  qualitative  sense 
of  path  planning  based  on  perceptual  information 
inference  for  perceptual  path  planning  Is  explored  in 
Section  1.2. 

Figure  2— 1(a)  shows  the  LPB's  that  are  implicit  in 
a  viewframe.  The  solid  lines  are  the  virtual  boundaries 
created  by  landmark  pairs.  Figure  2-l(a)  rail  be  mis¬ 
leading  in  that  it  seems  to  imply  that  the  LPB's  con¬ 
tain  the  data  to  compute  the  angle-distance  geometry 
of  the  sensor  location  relative  to  the  landmarks.  Figure 
2  1(b)  shows  a  repress  ntation  of  the  same  viewframe. 
Here  the  ranges  to  the  landmarks  have  been  changed, 
but  the  ordinal  angular  relationships  between  land¬ 
marks  have  not.  The  angle-distance  geometry  of  our 
apparent  location  relative  to  the  landmarks  is  com¬ 
pletely  different;  however,  the  topological  information, 
that  is,  the  number  of  regions,  their  number  of'  sides 
and  adjacency  relations,  are  preserved. 

More  specifically,  there  is  topological  information 
captured  iu  the  orientation  region  representation  that 
distinguishs  regions,  yet  is  invariant  under  large 
motions  of  the  observing  sensor.  The  LPB’s  divide  the 
ground  surface  into  regions.  If  wre  regard  the  boun¬ 
daries  of  regions  as  fattened  wireframes,  then  the  orien¬ 
tation  regions  may  be  thought  of  as  (topological)  holes 
in  the  surface.  If  we  view  the  surface  as  being  the 
whole  earth,  then  the  shape  formed  by  cutting  the 
orientation  regions  out  of  the  surface  of  the  (hollow) 
■ar*n,  s  a  i  wo  dimensional  manifold  with  boundary;  in 
pa  '.»•>:  tr,  i  he  shape  is  topologically  equivalent  to  a 
(two)  -■pher?  with  finite  i,  many  holes  cut  out  of  it. 
The  number  of  holes  is  the  number  of  orientation 
regions.  From  topology  we  have  that  two  orientable 
two  dimensional  manifolds  with  boundary,  are  topologi¬ 
cally  equivalent  if  and  only  if  they  have  t fie  same  genus 
and  the  same  number  of  holes  (i.e.,  boundary  com¬ 
ponents)  Massey  -  67  .  hi  this  case,  the  genus  of  a 
sphere  with  holes  in  it  is  zero,  so  two  shapes  induced  by 
orientation  regions  are  topologically  equivalent  if  and 
only  if  they  have  the  same  numbi  r  of  orientation 
regions. 

Notice  that  orientation  regions  are  equivalence 
classes  of  view  frames,  where  two  viewframes  are 
equivalent  if  the  anzimuth  angular  order  of  visible 
landmarks  is  the  same.  There  is  a  strong  relationship 
between  the  number  of  orientation  regions  the  LPB's 
divide  space  into,  and  the  angular  order  left  to  right  in 
azimuth,  observed  among  the  landmarks  in  the 
viewframe. 


To  see  this,  begin  with  a  single  LPB.  This  clearly 
divides  space  into  two  regions.  Reasoning  inductively, 
suppose  we  have  N  LPB’s  already  established.  If  we 


Figure  2-4;  Viewframe  Orientation  Regions 


introduce  another  LPB,  each  time  it  crosses  an  existing 
LPB,  it  divides  the  last  region  it  was  crossing  through 
into  two,  thus  generating  exactly  one  more  region.  If  it 
crosses  through  a  boundary  at  a  point  that  is  already 
the  crossing  point  for  two  or  more  other  LPB’s,  then, 
although  it  is  technically  crossing  two  (or  more)  LPB’s 
simultaneously,  it  generates  only  one  more  region. 
Finally  note  that  after  the  LPB  has  no  more  other 
LPB’s  to  cross  (which  will  happen  because  it  can  only 
cross  each  LPB  at  most  once),  it  continues  on  “to 
infinity’  ,  creating  exactly  one  more  (unbounded) 
region.  Thus,  the  total  numoer  of  regions  created  by  N 
LPB's  is  equal  to: 

number-orientation-regions  N  (nuinber-of- 

crossings-with-multiplieites)  1 

Here  the  multiplicity  of  a  crossing  is  defined  as  1,  if  two 
LPB’s  cross,  and,  in  general,  as  (number-of-LPBs- 
crossing  -  l)  for  two  or  more  LPB’s. 
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If  a  viewframe  contains  the  landmark  sequence 
L \J  %,‘L  3,  L  ,,  then  LPBf/jpij)  and  LPB(L3,L4)  must 
cross.  It  is  possible  for  LPB(L  ,,L2)  and  l.PB(L  ;,L  J  to 
be  parallel,  and  crossing  points  of  greater  than  multipli¬ 
city  1  can  happen  however,  these  are  relatively  rare 
events.  It  lollows  that  a  reasonable  estimate  of  the 
number  of  orientation  regions  implicit  in  a  viewframe 
can  be  gotten  by  assuming  that  all  LPB  crossings  gen¬ 
erated  by  pairs  of  landmarks  in  the  viewframe  have 
multiplicity  1  (except  for  the  crossings  through  land¬ 
marks  themselves,  which  have  multiplicity  k-l  for  K 
landmarks),  and  that  no  LPB  s  are  parallel.  Under 
these  assumptions,  the  number  of  orientation  regions 
determined  by  a  viewframe  only  depends  on  the 
number  of  landmarks  in  the  viewframe. 

Notice  that  crossings  of  multiplicity  1  are  stable 
in  that  small  perturbations  of  the  locations  of  the  four 
landmarks  that  generate  the  two  crossing  LPB’s  cannot 
change  the  multiplicity  of  the  crossing.  However,  cross¬ 
ings  of  multiplicity  greater  than  1  are  inherently  singu¬ 
lar  (up  to  the  vision  system’s  ability  to  resolve  land¬ 
mark  points).  Furthermore,  the  crossing  of  two  LPB's 
is  also  stable,  while  t lie  event  of  two  LPB’s  being  paral¬ 
lel  is  a  singular  event.  Interestingly,  the  parallelism  of 
two  LPB’s  is  not  observable  without  relative  range 
information. 


Now  if  we  observe  a  viewframe  and  ignore  the 

(n) 


range  information,  we  can  still  observe  all 


LPB’s 


created  by  taking  landmarks  in  pairs.  The  conjunction 
of  the  orientations  defines  the  boundaries  of  the  orien¬ 
tation  region  we  currently  occupy.  Any  conjunction  of 
LPB  orientations  that  shares  at  least  one  LPB,  but  has 
the  orientation  reversed,  must  be  in  a  different  region 
of  space, 


2.3  RELATIONSHIP  TO  METRIC 
REPRESENTATIONS 

We  define  a  metric  representation  to  be  one  that 
contains  enough  data  to  compute  exact  (although  not 
necessarily  correct)  geometric  angle-distance  relation 
ships  bet  we-  n  the  represented  points.  For  example, 
map  data  is  metric,  environmental  representations 
obtained  from  ranging  sensors  are  metric,  a  list  of  UT.V1 
coordinates  of  bridge  locations  is  metric,  and  an  exact 
angle  distance  graph  of  locally  maximum  elevation 
points  extracted  from  a  government  terrain  grid  data¬ 
base  is  a  metric  representation. 

There  are  numerous  ways  to  integrate  metric 
information  with  the  more  qualitative  viewframe,  boun¬ 
dary  and  orientation  region  representations  to  augment 
the  ability  of  a  land-based  robot  to  navigate,  to  guide 
itself  about  the  world,  and  to  cue  addition  and 
refinement  of  map  data  with  visually  acquired 
knowledge.  Here  we  present  several  methods  that 
make  use  of  the  metric  data  while  retaining  the  robust¬ 
ness  of  the  more  qualitative  representations.  These 
include  using  metric  data  for: 

•  refinement  of  range  estimates  in  viewframes 

•  prediction  of  appearance  and  location  of  new 
(i.e.,  currently  occluded  or  as  yet  unobserved) 
landmarks 

•  detection  of  conflict  between  predicted  land¬ 
mark  locations  and  LPB  crossings,  and 

•  computing  headings. 

The  first  three  are  presented  below.  The  Iasi  is 
explained  in  Section  1. 


We  call  the  set  of  orientation  regions  created  by  a 
sot  of  landmarks,  the  orientation-net  associated  to  the 
set  of  landmarks.  If  we  drop  one  of  the  LPB’s  in  the 
set  defining  an  orientation-net,  we  still  have  a  localiza¬ 
tion  of  space  defined  by  the  remaining  orientation 
regions.  The  previous  localization  must  be  a  refinement 
of  the  current  one.  Thus,  the  partially  ordered  set  of 
subsets  of  LPB’s  induce  a  partial  order  on  refinements 
and  coarsenings  of  the  orientation  region  nets  on  the 
ground. 

We  can  conclude  from  this  analysis  that,  if  we  are 
at  a  stable  viewpoint  relative  to  the  set  of  landmarks 
recorded  in  a  viewframe,  then  the  angular  order  of  the 
landmarks  completely  determines  the  orientation-region 
we  are  in,  within  the  orientation-net  determined  by  the 
landmarks  in  the  viewframe.  Thus  we  see  that  if  we 
assume  only  stable  crossings  of  LPB’s  then  the  multi- 
resolution  (i.e.,  partially  ordered)  set  of  orientation-nets 
derived  from  a  viewframe  induces  a  unique  topological 
representation  of  the  visible  space.  A  subset  of  the 
total  observable  set  of  LPB's  can  he  used  for  spatial 
inference.  This  corresponds  to  moving  to  a  coarser  level 
of  orientation-net  in  which  several  liner  regions  ma\ 
become  indistinguishable. 


If  we  can  correspond  landmarks  observed  in  a 
viewframe  with  topographic  map  or  grid  database  loca¬ 
tions,  then  we  know  the  distance  between  the  observed 
landmarks,  Knowing  the  distance  between  landmarks 
allows  to  refine  our  estimates  of  range  intervals  to 
observed  landmarks  as  follows.  The  constraint  that  the 
distance  between  the  landmarks  is  a  fixed  distance,  s  12, 
can  be  represented  by  the  law  of  cosines  applied  to  the 
triangle  formed  by  the  sensor  focal  point  and  the  two 
landmarks,  as  in  Figure  2-3.  If  r ,  is  a  range  estimate 
to  L  (  and  r ,,  is  a  range  estimate  to  L  2,  then  we  have 

*  12  r  |"  r  S  2r  ,  r  2cos012 

Let  (r  ,,,r  !2)  be  the  range  interval  for  /  ,  and  (r31.r„.,) 
be  the  range  interval  for  landmark  L  2.  Then  fixing  r  , 
at  r  , |  and  solving  for  r,  yields  a  new1  lower  hound  for 
the  range  interval  for  /  2,  and  fixing  r,  at  r  12  yields  a 
new  upper  bound  for  the  interval.  (If  there  are  two 
possible  values  for  r  2,  take  the  minimum  or  maximum 
respectively.)  If  either  of  the  new  bounds  are  worse 
than  the  original  estimates,  then  the  information  may 
be  used  to  refine  the  bounds  on  the  range  interval  for 
I  |  instead  of  L  .,.  However,  if  we  order  the  landmark 
pairs  from  smallest  to  largest  range  intervals,  then  no 
backtracking  will  be  necessary,  and  an  algorithm  for 
refining  the  intervals  in  a  viewframe  can  In  done  in 
linear  time  in  the  number  of  landmark  pairs. 
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If  constraints  on  viewframe  ranges  from  metric 
data  result  in  a  ‘negative’’  interval  (i.e. ,  maximum 
rarge  being  less  than  the  minimum)  this  indicates  that 
either  the  true  range  value  to  a  landmark  does  not  lie 
in  the  estimated  range  interval  or  that  the  metric  data 
is  incorrect.  This  conflict  can  be  used  to  cue  alterna¬ 
tive  inference  strategies  in  path  planning,  such  as  only 
relying  on  coherent  data  in  thp  path  planning. 


Figure  2-5'  Multiple  Levels  of  Spatial  Representation 


To  use  metric  data  for  prediction  of  landmark  in 
imagery,  we  begin  by  mapping  the  viewfr  ine- 
localization  regions  into  a  digitized  terrain  map.  1'hts 
is  accomplished  by  computing  the  landmark  pair  circles 
(see  Figure  2-3)  and  representing  them  as  a  bit  plane 
overlay  on  the  terrain  grid.  Because  the  landmarks 
have  fixed  locations  on  the  grid,  we  can  AND  the  bit 
planes  corresponding  to  multiple  landmark  pairs,  range 
intervals  and  angular  errors,  to  lind  the  set  of  grid 
points  that  corresponds  to  the  viewframe-localization 
region.  Computationally,  we  have  saved  the  additional 
error  we  obtain  by  computing  multiple  local  coordinate 
transforms  between  landmark  pairs  and  intersecting  the 
results  algebraically.  This  is  possible  because  mapping 
the  viewframes  into  the  metric  data  gives  us  an  abso¬ 
lute  coordinate  system  to  work  in. 


Landmarks  such  as  horizon  extrema,  change  of 
groundcover,  and  manmade  objects  can  be  predicted  a 
priori  in  the  grid  data.  We  can  use  the  metric  eleva¬ 
tion  data  to  compute  the  visibility  of  landmarks  from 
selected  points  in  the  viewframe  overlaid  on  the  grid 
data.  See  Lawton  et.al.  -  86  ,  as  an  example  of  an 
implementation  of  such  a  visibility  and  image  predic¬ 
tion.  These  predictions  also  yield  range  estimates  that 
depend  on  the  size  of  the  viewframe-localization. 

Finally,  mapping  viewframes  into  metric  data 
allows  us  to  predict,  given  a  heading,  the  LRB's  that 
we  should  cross  first.  We  again  represent  the  heading 
as  a  bit-plane  overlay  of  a  line  (or  other  one¬ 
dimensional  curve)  on  the  terrain  grid.  LPB’s  hetween 
landmarks  are  also  drawn  as  overlays.  Following  along 
the  heading  line  orders  the  boundary  crossings  obtained 
by  AXD-ing  the  overlays,  Because  the  viewframe- 
localization  is,  in  general,  a  region  rather  than  a  point, 
headings  can  be  drawn  from  multiple  points  in  the 
region  of  localization.  LPB  crossings  that  agree  in 
order  across  the  multiple  heading  possibilities  can  be 
used  as  predictors  to  flag  conflicts  as  potential  errors  in 
landmark  recognition  (i.e.,  bad  association  to  the 
metric  data),  or  as  inaccuracies  in  the  metric  data. 

The  three  spatial  representation  levels  of  metric 
data,  viewframes  and  orientation  regions  are  shown  in 
Figure  2-5.  In  Section  -l,  we  discuss  inference  strategies 
that  use  information  at  all  three  levels  to  perform  navi¬ 
gation  and  guidance. 

3.  REQUIREMENTS  FOR  PERCEPTION 

Ideal  landmarks  for  navigation  and  map-building 
are  uniquely  distinguishable  points  that  are  visible  from 
anywhere  with  precisely  determined  range.  The  real 
world,  of  course,  consists  of  objects  that  occlude  each 
other  and  look  very  different  under  varying  viewing 
conditions.  Significant  perceptual  and  cognitive  infer¬ 
ence  is  required  to  recognize  the  same  objects  from 
different  places  and  environmental  conditions1'.  For 
navigation  and  map  building  in  particular,  the  changes 
in  object  appearance  can  be  considerable  because  the 
location  refining  power  of  landmarks  depends  on  relat¬ 
ing  landmarks  from  highly  separated  points  of  observa¬ 
tion.  In  this  section,  we  present  some  of  the  require¬ 
ments  and  assumptions  we  use  concerning  perceptual 
processing  for  landmark  extraction  and  recognition. 

3  1  LANDMARKS 

Landmarks  are  distinctive  and  stable  objects  or 
perceptual  events.  One  distinguishing  dimension  for 
landmarks  is  the  extent  to  which  they  are  perceptual 
events  or  instances  of  known  types  of  objects.  Percep¬ 
tual  processing  can  extract  landmarks  using  distinctive 
image  events  that  are  unique  in  multiple  fields  of  view 
and  are  stable  during  observer  motion  but  are  not 
necessarily  related  to  any  type  of  n  odeled  object. 
Landmarks  that  are  an  instance  of  an  object  model 
have  default  model-based  information  associated  with 
them  that  can  simplify  and  direct  the  accumulation  ol 
information  as  views  of  the  landmark  changes,  espe¬ 
cially  due  to  model-based  scale  constraints.  It  a  percep¬ 
tually,  hut  not  model-based,  landmark  is  not  stable 


from  different  views,  it  will  be  represented  multiple 
times  as  different  landmarks.  Another  perreptual  pro¬ 
cessing  requirement  for  landmarks  in  the  topological 
representation  is  to  bp  able  to  extract  and  monitor 
specific  qualitative  singularities,  such  as  co-linearity  of 
landmarks,  or  an  LPB  crossing. 

A  further  classification  for  landmarks  is  whether 
they  are  of  type  point,  composite,  or  extended  (see  Fig¬ 
ure  3-1)  Point  landmarks  are  highly  identifiable  and 
localizable.  Composite  landmarks  consist  of  tightly 
connected  point  landmarks  corresponding  to  sub-parts, 
features  or  details.  Composite  properties  are  important 
for  localization  with  respect  to  landmarks  with  orienta¬ 
tional  features  such  as  the  faces  of  a  distant  building. 
Extended  landmarks  correspond  to  rivers,  roads,  moun¬ 
tain  ranges,  and  distinguished  terrain-type  boundaries. 
Knowledge  of  them  is  important  for  path  planning 
because  of  the  global  effects  they  have  on  allowable 
paths. 


F’erceptually,  a  localization  relative  to  extended 
landmarks  involves  adjacency,  sidedness,  and  average 
distance  estimates.  Extended  landmarks  can  be  stable 
from  image  to  image,  but  provide  no  basis  for  precise 
localization  unless  point  landmark  events  are  simul¬ 
taneously  observed.  Ft  is  perceptually  important  to 
note  the  relations  between  these  different  types  of  land¬ 
marks  over  time,  and  to  accumulate  this  information  as 
part  of  the  stored  landmark.  Thus,  the  set  of  point 
landmarks  associated  with  composite  and  extended 
landmarks  must  be  explicitly  represented. 


Figure  3-1:  Landmark  Types 


3.2  PERCEPTION  SYSTEM 

Our  perceptual  system  and  its  relation  to  land¬ 
mark  extraction  is  sketched  in  Figure  3-2.  It  consists  of 
an  organized  hierarchy  of  perceptual  events.  The  bot¬ 
tom  level  events  are  a  time-indexed  buffer  of  images 
and  image  registered  features;  the  next  level  consists  of 
several  types  of  basic  perreptual  objects,  such  as 
points,  curves  and  regions.  These  are  processed  into 
spatial  temporal  perceptual  groupings  that  refit  <•§ 


figure  3-2:  Perceptual  Processing  for  Landmarks 


stable  perceptual  structures  in  images  over  time.  The 
perceptual  objects  and  groups  refer  to  positions  in  a 
sequence  of  images,  but  are  independent  of  a  particular 
view.  Associated  with  perceptual  objects  is  a  mechan¬ 
ism  lor  selecting  those  that  are  inherently  interesting. 
This  controls  the  application  of  grouping  processes  to 
limit  the  complexity  of  matching  the  precondtions  of 
grouping  rules  to  objects  and  relations.  It  also  serves 
to  extract  significant  perceptual  structures  to  cue 
matching  to  object  models. 

1  he  hypothesis  space  consists  of  instantiations  of 
object  models  and  viewframes  that  dcscrilie  the  relative 
positions  of  landmarks  from  a  point  of  observation.  A 
viewframe  abstracts  from  the  current  scene  model  the 
details  associated  with  landmarks.  Viewframes  are  con¬ 
nected  to  each  other  along  a  path  with  pointers  to 
landmark  correspondence  and  changes  between 
viewframes.  The  hypotnesis  space  includes  lists  of  the 
currently  visible  landmarks  associated  with  the 
interestingness  mechanism;  this  median  ism  is  used  to 
note  the  changes  in  landmarks  over  time,  such  as  oeclu- 
sion  or  disocclusion  and  the  emergence  or  disappear¬ 
ance  of  detail  The  occurence  of  these  events  deter¬ 
mines  when  new  landmarks  should  be  extracted  or  new 
viewframes  established 
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3.3  SIMPLIFYING!  ASSUMPTIONS 


4.1  HEADING  TYPES 


There  are  several  assumptions  about  the  types  of 
sensors  and  their  arrangement  that  simplify  landmark 
determintation.  If  we  assume  the  observer  knows  the 
relation  between  gravity  and  positions  in  an  image,  we 
can  orient  each  pixel  with  respect  to  the  direction  of 
gravity  to  determine  the  vertical  orientation  of  distant 
landmarks.  We  can  also  constrain  the  localization  of 
the  global  horizon  line  and  the  skv.  We  have  found 
that  filtering  out,  the  set  of  the  n-rnost  interesting 
structures  above  and  near  the  global  horizon  line  that 
are  distinct  from  sky  provides  a  useful  set  of  land¬ 
marks.  In  addition,  the  sensor's  orientation  to  the 
immediate  ground-plane  can  be  used  to  define  a  local 
horizon,  thus  determining  the  position  of  more  local 
landmarks. 

It  is  helpful  for  the  visual  si  nsors  to  have  as  com¬ 
plete  a  view  of  the  world  as  possible.  A  spin  rival  imag¬ 
ing  surface  provides  an  optimal  arrangement  Cao  et.al. 
-  86  .  It  can  be  approximated  by  a  complete  coverage 
of  the  field  of  view  using  multiple  calibrated  cameras. 
This  resolves  many  problems  in  piecing  together  multi¬ 
ple  local  views  to  infer  an  omni-complete  view  of  the 
environment.  The  sensors  should  also  be  stabilized 
relative  to  the  environment  so  observer  motions  are 
effectively  a  sequence  of,  potentially  different,  transla¬ 
tions.  With  a  complete  coverage  of  the  field  of  view, 
there  is  a  lessened  need  to  reorientate  the  sensors. 

Monitormg  the  displacement  of  image  features 
relative  to  a  known  axis  of  translation  simplifies  frame 
to  frame  matching,  Bolles  and  Baker  -  85  Lawton  - 
83  ,  and  provides  basic  information  for  determining 
how  distant  a  landmark  is,  for  how  long  a  time  it  is 
visible,  and  when  potential  occlusions  may  occur.  The 
classes  of  image  transformations  are  contrained  in  these 
cases.  Further,  for  the  spatial  representation  we  are 
building,  it  is  not  necessary  to  construe  a  precise  depth 
map,  but  to  track  image  events  in  ter.  is  of  qualitative 
transformations  such  as  occlusion  disoeclnsion,  detail 
emergence/disappearance.  For  this,  approximate, 
object-based  matching  along  the  translational  flowpaths 
suffices.  Depending  on  sensitivity  of  this  computation, 
exact  stabilization  may  not  be  required,  and  inertial 
estimates  can  drift  over  time. 


4.  INFERENCE  FOR  NAVIGATION 
AND  GUIDANCE 


The  first  subsection  defines  different  types  of 
headings  and  the  associated  termination  rondit;ons. 
Section  4.2  uses  the  spatial  representations  of  Section  2 
and  the  heading  structures  to  create  algorithms  that 
can  guide  a  robot  through  the  world  based  on  visual 
information.  The  last  subsection  details  rules  that 
implement  perceptually  based  path  planning  and  fol¬ 
lowing,  assuming  there  are  no  errors  in  re-acquiring 
landmarks,  but  not  assuming  that  all  landmarks  are 
necessarily  re- acquirable. 


\  heading  is  defined  to  consist  of: 

•  type 

•  sensor-centered  coordinate  system  vector 

•  destination-goal 

•  direction  function 

•  termination-criteria 


The  type  of  a  heading  specifies  the  coordinate 
system  that  the  direction  conditions  are  computed  in 
A  metric-heading-type  corresponds  to  an  absolute  coor 
dinate  system.  A  metric  heading  can  be  induced  by  i 
correspondence  of  sensor  position  to  a  priori  map  or 
grid  data,  from  an  inertial  sensor,  geo-satellite  location, 
dead-reckoning  from  a  known  initial  position,  etc.  \ 
view  frame-heading-type  refers  to  headings  computed 
between  view-frames  that  share  common  visible  land¬ 
marks.  This  corresponds  to  reasoning  within  a  local 
landmark  coordinate  system.  \n  orientation-heading- 
type  is  a  coordinate-free  heading  based  on  observed 
relationships  with  LPB's.  Note  that  crossing  1,1*11' 
corresponds  to  entering  new  orientation  regions. 

Destination-goals  are  descriptions  of  places  that 
the  heading  is  intended  to  point  the  robot  or  vision  sys¬ 
tem  platform  toward.  V  destination-goal  may  be 
specified  as  any  combination  of: 

•  a  set  of  absolute  (e.g.,  UTM)  world  coordinates 

•  a  viewframe-localization 

•  an  orientation-region 

•  a  set  of  (simultaneously  visible)  landmarks 

The  types  of  destination-goals  are  listed  above  in  order 
of  increasingly  topological,  i.e.,  more  qualitative, 
representation.  Figure  2-6,  shows  the  relationship 
between  these  levels  of  representation.  A  sensor- 
centered  direction  vector  is  a  choice  of  immediate  head¬ 
ing  for  robot  locomotion.  Range,  can  be  supplied  if 
available. 

Direction-functions  accept  runtime  data  at  multi 
pie  levels  of  representation  (i.e..  orientation,  view- 
based,  and  or  metric)  and  return  true  if  the  heading  is 
being  maintained  and  false  otherwise.  Direction 
functions  are  essentially  predicates,  except  that  they 
may  have  side-effects  such  as  updating  heading  error 
parameters.'  Direction-functions  for  met  r  headings 
compare  the  desired  heading  vector  against  that 
returned  from  sensor  readings.  Direction  for  viewframe 
headings  are  given  as  relative  angles  between  tin  head 
ing  vector  in  the  sensor-based  coordinate  system  and 
the  observed  landmarks  recorded  in  view  frames 
Finally,  orientation  directions  are  conjunctions  of  head 
ings  relative  to  I  PR's.  They  specify  a  set.  of  simultane¬ 
ously  true  conditions  indicating  passage  to  tin  right 
left,  or  between  landmark  pairs. 


Termination  criteria  are  runtime  computable  con¬ 
ditions  that  indicate  that  if  the  heading  continues  to  be 
maintained-  its  direction-function  can  no  longer  return 
true.  This  can  occur  because  the  heading  has  been 
fulfilled,  meaning  that  we  have  reached  the  destination 
goal  implicit  in  the  direction-function.  For  example, 
this  occurs  if  we  are  at  the  desired  absolute  world  coor¬ 
dinate  location  specified  in  a  metric  heading,  if  we 
recognize  the  set  of  landmarks  and  relative  angles 
corresponding  to  a  viewfrarne  heading  destination,  or  if 
we  cross  the  LHB's  given  in  the  direction-function  of  an 
orientation  heading.  V  heading  will  terminate  with 
failure  if  we  accumulate  too  much  error  in  an  absolute 
coordinate  system  tracking  scheme  or  if  we  lose  sight  of 
the  set  of  landmarks  required  to  maintain  a  view-based 
or  orientation-region  heading.  Termination  criteria  also 
include  feedback  conditions  from  modules  outside  the 
vision  system,  such  as  a  path-planning  module  that  rea¬ 
sons  about  obstacles,  traversability  of  the  ground  sur¬ 
face,  strategic  concealment,  etc. 

Heading  types,  destination-goals,  direction- 
functions  and  termination  criteria  are  summarized  in 
Table  4-'.  The  following  explains  how  to  compute 
direction-functions  and  termination  criteria  for  basic 
inference  at  the  viewfrarne  and  orientation  region  levels 
of  spatial  description. 

Viewfrarne  headings  can  be  computed  between 
two  viewframes  that  share  at  least  two  landmarks  (for 
2D  reasoning,  three  landmarks  for  3D  reasoning)  in 
common,  [f  the  set  of  landmarks  included  in  a 
viewfrarne  destination  are  visible  and  we  are  very  close 
to  our  original  point  of  observation,  then  we  can  neces¬ 
sarily  (up  to  traversability  of  the  intervening  terrain) 
perform  a  hill-climbing  algorithm  to  bring  the  sensor  to 
the  point  of  observation  where  the  viewfrarne  was  pre¬ 
viously  collected.  This  can  be  accomplished  by  dynam¬ 
ically  computing  a  path  based  on  control-feedback  from 
the  relative  angles  between  the  observed  landmarks. 


^  HEADING 
^^TYPE 
FIELD 

METRIC 

VIEWFRAME 

ORIENTATION 

destination-goal 

polygon  expressed  in 
absolute  coordinate 
system 

viewfrarne 

orientation  region 

direction  function 

distance  of  current 
estimated  pomt 
location  to  destination 
polygon 

if  sensor  centered 
vector  range  set 
then,  difference  of 
current  location  to 
vector  destination 
relative  to  point  where 
heading  set 
or 

mamtam  visibility 
of  goal  landmarks  and 
Nl  climb  on  relative 
angles 

reduce  LPB  set 
to  unique  LPB  and 
track  until  orientation 
reversal 

termination 

criteria 

estimated  error  m 
current  location 
exceeds  threshold 
or 

goal  achieved 

if  range  set  then 
estimated  error  in 
relative  location 
exceeds  threshold 
or 

lose  sight  of 
landmarks  in  goal 
viewfrarne 
or 

hill  climbing  to  relative 
angles  fails 

Or 

goal  achieved 

reduced  LPB  set  is  null 
or 

lose  sight  of  goal  LPB 

landmarks 

or 

must  reverse  a  goal 

LPB  to  continue 
or 

goal  achieved 

Table  I  I.  Heat  mg  Specifications 


However,  it  we  are  outside  the  finest  orientation  region 
that  contains  our  viewfra  m  .'e-*  nation  goal,  or  if  the 
goal  is  only  to  get  to  where  «  mi  of  landmarks  are  all 
visible,  then  a  hill  climt  m  co:  rol  feedback  approach 
will  fail  because  we  will  lav,  t0  cross  LPB's  to  reach 
our  destination-goal,  and  the  relative  angles  between 
landmarks  will  vary  non-monotonicallv. 

Vn  alternative  approach  is  to  formulate  the 
view  frame  localizations  for  each  of  the  viewframes  in 
the  common  local  coordinate  system  defined  by  the  two 
(or  three)  landmarks,  and  the  sensor.  Vote  that  the 
the  two  landmarks  must  not  be  co-linear  with  the  sen¬ 
sor  (the  three  must  not  be  co-planar  with  the  sensor). 
\\(  then  have  two  regions  expressed  in  the  same  coordi¬ 
nate  system.  Any  affine  linear  transformation  that 
maps  one  viewfrarne  approximately  onto  the  other  may 
be  taken  as  a  heading.  For  example,  we  can  translate 
the  centroid  of  the  first  viewfrarne  to  the  centroid  of 
the  second.  This  is  the  definition  of  viewfrarne  heading 
transformation  we  use  in  this  paper.  It  defines  a  head¬ 
ing  as  a  vector  pointing  between  the  viewframes,  and 
supplies  the  vision  system  with  an  intuitive  notion  of 
"head  thataway’  .  A  viewfrarne  heading  is  not  gen¬ 
erally  the  same  as  a  metric  heading,  because  the  points 
in  space  that  the  sensor  occupied  when  the  viewframes 
were  collected  may  not  be  mapped  onto  each  other  by 
the  viewfrarne  heading  transformation. 

Figure  1-1  illustrates  the  generic  situation  in 
which  we  can  compute  a  viewfrarne  heading.  One 
viewfrarne  contains  the  landmarks  L  {  to  L  B,  and  the 
other  viewfrarne  contains  landmarks  L  3  to  L  g.  Range 
estimates  to  L  ]yL  A,i  5,  and  /,  6  may  be  different  in  the 
two  viewframes,  Using  the  LPB  connecting  L  3  and  /,  4, 
we  can  assign  a  local  orientation  to  the  vector  pointing 
from  /  to  L  4.  This  vector,  with  the  implied  orienta¬ 
tion  of  the  ground  plane,  defines  a  local  2D  coordinate 
system. 

Suppose  that  we  have  computed  the  viewfrarne 
localization  for  the  first  viewfrarne  in  terms  of  the  coor 
dinate  frame  defined  by  L  j  and  L  2,  and  the  second 
viewfrarne  localization  in  terms  of  /, ,,  and  /.  ;i.  Our 
problem  is  to  determine  the  linear  transformation  that 
carries  the  /,  ,  L  coordinate  system  into  the  I,.,  L  , 
coordinate  system,  Because  we  have  range  intervals  to 
the  landmarks,  this  is  an  ambiguous  computation.  If 
the  range  Irom  the  sensor  to  the  landmarks  were  fixed, 
the  transformation  for  a  point  r  ,,0  is  given  by: 

r  ] ,0  *  r  +  o 

If  we  systematically  vary  the  locations  of  I  ,,  L  2 
and  L3  over  their  range  estimate  intervals,  we  obtain  a 
continuous  family  of  possible  local  coordinate  transfor 
mations.  However,  because  we  intersect  the 
transformed  region'',  the  worst  localization  we  can 
obtain  is  the  best  localization  from  any  pair  of  land¬ 
marks. 

lerrnination  criteria  for  a  viewframe-heading 
include  that  the  destination  goal  is  reached,  that  we 
have  traveled  the  approximate  distance  to  the  goal 
predicted  in  the  alfine  transformation,  or  that  hill 
climbing  fails. 
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Figure  1-1:  Viewframe  Heading 


Orientation-headings  are  eonjunrtions  of  specifiers 
for  crossing  LPB’s.  Recall  that  for  the  LPB  formed 
from  L  j  and  /,  2,  i.e.,  LPB(I,,L2),  the  two  sides  are 
denoted  L  ,  L  ,  and  L  2  L  ,  respectively.  The  land¬ 
marks  L  !  and  L2  divide  LPB (L  VL  2)  into  three  sec¬ 
tions.  If  we  cross  LPB(//!,L2)  from  the  Ll  Z,2  side, 
we  can  cross  to  the  left  of  L  p  between  the  landmarks, 
or  to  the  right  of  L  2.  These  crossings  correspond  to 
the  visually  observable  events  of  /,  ,  occluding  /,  2  (or 
having  identical  azimuth  angle  in  the  sensor  centered 
coordinate  system),  /,  ,  and  /,  2  being  separated  by  180 
degrees,  or  /,  2  occluding  L  ,.  We  denote  these  three 
possibilities  by  /  [L  ,  L  ^],  b  \L  i  L  2  and  r  L  .  /,  2  . 
Thus,  for  example,  I  /,!  I2j  and  r  L  2  L  [  are  cross¬ 
ings  of  the  sa  ne  section  of  LPB(A  VL  2),  but  in  opposite 
directions.  We  also  add  the  orientation-heading  of 
moving  toward  a  fixed  landmark.  We  denote  this  head¬ 
ing  with  the  symbol  “a  ”,  and  point  out  that  we  can 
place  this  heading  in  a  uniform  representation  with  the 
others  by  the  artifice  of  using  a  L  ,  L  {  to  mean  ‘‘head 
toward  landmark  L  Vote,  of  course,  that  L  ,  cannot 
be  crossed,  but  rather  it  is  reached.  We  can  view  LPB 
attainment  as  reaching  rather  than  crossing  also,  so 
this  is  not  incompatible. 

\n  orientation-destination-goal  is  a  conjunction 
of  LPB  crossing  specifiers,  with  no  more  than  one  cross¬ 
ing  specifier  per  LPB  in  the  conjunction.  1  he  basic  ter¬ 
mination  condition  corresponding  to  an  orientation¬ 
heading  is  thr*  all  crossings  have  occurred.  Termina¬ 
tion  can  a'.jo  occur  if  it  is  impossible  to  proceed 
without  re-crossing  an  already  crossed  LPB  or  if  none 
of  the  LPB’s  are  visible. 

A  top  level  orientation -head  ng  consists  of  a  goal 
to  execute  the  crossings  to  get  on  the  correct  sides  ot 
the  LPB’s  corresponding  to  visible  landmarks  that  are 
also  listed  in  the  destination-goal.  For  example,  sup¬ 
pose  /,  ,,  /,  2,  I  3  and  L4  are  visible,  and  the 


destination  goal  includes  L  2  L  j  AND  L  ,  /..  3  Then 
we  must  cross  both  LPB's.  ft  is  straightforward  to 
select  a  single  heading  that  will  accomplish  all  cross¬ 
ings.  For  example,  if  the  viewframe  order  is 
/,  2,  L  4,  L  , .  L  -j,  then  a  heading  of  b  L  4  L  ]  will 
accomplish  crossing  both  LPB(Lp/,  2)  and  LPB(L  3,/,  4). 
A  production  system  can  be  used  to  perform  this  rea¬ 
soning  about  the  order  of  landmarks  in  a  viewframe  to 
compute  a  heading-direction. 

The  usefulness  of  the  production  system  is  that  it 
allows  us  to  reduce  a  conjunction  of  LPB  crossings  to  a 
single  1  PB  crossing  condition;  if  relevant,  the  produc¬ 
tion  system  deduces  that  the  specified  conjunction  of 
headings  is  impossible. 

The  production  system  theory  is  based  on  a 
binary  operation  between  pairs  of  orientation-headings. 
Because  the  operation  is  associative  and  commutative, 
the  production  system  can  be  executed  on  a  conjunc¬ 
tion  of  orientation-headings,  two  at  a  time,  in  any 
order.  Therefore,  we  can  front  the  production  system 
by  a  pre- processor  that  identifies  the  viewframe  relative 
azimuth  angle  order  of  the  set  of  landmarks  involved  in 
the  orientation-heading  conjunction.  For  a  pair  of 
orientation  headings,  there  are  six  relative  angle  states 
that  the  four  landmarks  in  the  pair  have.  These  are: 
that  the  landmarks  of  the  two  pairs  are  perceived  in 
left  to  right  order,  the  first  two  being  the  two  from  the 
first  orientation-heading  followed  in  azimuth  angle  by 
the  two  landmarks  from  the  second  orientation¬ 
heading;  or  that  the  landmark  pairs  “overlap”,  the  first 
of  the  first  pair  being  followed  by  the  first  of  the  second 
pair,  then  by  the  second  of  the  first  pair;  and  finally 
the  second  of  the  second  pair;  or,  the  landmarks  of  one 
pair  could  be  nested  between  the  landmarks  of  the 
other  pair.  These  six  possibilities,  and  the  correspond¬ 
ing  productions  for  combination  of  headings  for  two 
landmark  pairs  .1  B  and  C  I)  are  listed  in  Figure 
1-2.  Notice  that  many  of  the  heading  combinations  are 
impossible. 
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Figure  1  2:  Orientation  Heading  Binary  Productions 
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The  rase  when  we  are  already  on  the  goal  side  of 
an  LPB  requires  more  involved  reasoning.  We  want  to 
cross  certain  LPB  s  without  crossing  the  ones  we  are 
already  on  the  correct  side  of.  Without  (implicit  or 
explicit)  range  information,  we  cannot  tell  which  LPB 
we  will  cross  first  (on  any  heading);  see  Figure  2-5. 
One  approach  is  to  pick  a  heading  corresponding  to  the 
conjunctive  conditions  in  the  orientation-destination- 
goal  that  we  want  to  change,  and  dynamically  estimate 
the  rate  of  change  of  the  relative  angles  between  land¬ 
marks  as  the  heading  is  maintained.  A  control- 
feedback  approach  can  be  used  to  estimate  the  order 
that  I  PBs  will  he  crossed.  Specifically,  over  a  short 
period  of  time,  typically  less  than  a  minute,  we  can 
project,  based  on  the  rate  of  change  of  the  angle 
between  the  landmarks  in  an  LPB.  how  long  it  will  1m; 
before  that  angle  reaches  zero  or  180  degrees,  and 
adjust  our  heading  accordingly. 


4.2  LANDMARK-CASED  ENVIRONMENTAL 
REPRESENTATION 

\  natural  environmental  representation  based  on 
view  fra  lues  recorded  while  following  a  path  is  given  by 
two  lists,  one  list  of  the  ordered  sequence  of  viewframes 
collected  on  the  path,  and  another  of  the  set  of  land¬ 
marks  observed  on  the  path.  We  call  the  viewfrarne 
list  a  viewpath.  The  landmark  list  arts  as  an  index 
into  the  viewpath,  each  landmark  pointing  at  the 
observations  of  itself  in  the  viewframes.  For  efficiency, 
the  landmark  list  can  be  formed  as  a  database  that  can 
be  accessed  based  on  spatial  and/or  visual  proximity. 
Visual  proximity  can  be  observed,  or  computed  from  an 
underlying  elevation  grid  an  i  a  model  of  sensor  and 
vision  system  resolution. 

Recall  that  the  primary  component  of  an 
orientation-region-heading  is  a  conjunction  of  LPB  pas¬ 
sage  specifiers.  1  herefore  we  use  an  environmental 
representation  for  orientation-region  reasoning  that  is  a 
list  of  oriented  LPB’s  encountered  and  crossed  in  the 
course  of  following  a  path.  We  call  such  a  list  an 
orientation-path.  As  with  viewpaths,  there  is  an  associ¬ 
ated  landmark  list  that  indexes  into  the  orientation- 
pat  h. 

A  dynamically  acquirable  environmental  represen¬ 
tation  that  merges  the  representations  for  viewpaths 
and  orientation-paths  consists  of  an  ordered  list 
interspersing  viewframes,  LPB  crossings,  and  appear¬ 
ance  and  occlusion  (or  locj  of  resolution)  of  landmarks, 
as  well  as  recording  the  headings  ‘aken  in  the  course  of 
following  the  path  over  which  the  environmental  map 
is  being  built.  Thus.  we  can  integrate  the 
representations  required  for  viewfrarne  and  orientation 
region  based  reasoning  with  heading  and  landmark 
information  to  formulate  an  environmental  representa¬ 
tion  that  supports  hybrid  strategies  for  navigation  and 
guidance,  I  he  representation  is  formed  at  runtime  and 
consists  of  multiple  interlocking  lists  of  sequential,  time 
ordered,  lists  of  visual  events  that  include  those  neces¬ 
sary  for  the  algorithms  presented  in  Section  4.3, 

V  landmark  list  is  separately  maintp mri].  It 
encodes  proximity  information  between  landmarks,  and 
acts  as  an  index  into  the  dynamic  environmental  path 


representations.  The  data  structure  of  the  environmen¬ 
tal  representation  is  pictured  in  Figure  4-3. 

The  first  occurrence  of  a  landmark  points  at  the 
instantiated  schema  in  the  vision  system  database  that 
was  used  to  gather  evidenre  in  the  landmark  recogni¬ 
tion  process.  After  that,  all  recognized  re-occurrences 
of  this  landmark  point  bark  at  this  initial  instance. 
The  same  is  true  for  th(  first  occurrences  and  successful 
re-recognition  of  LPB's  and  viewframes.  This  mechan¬ 
ism  allows  multiple  visual  path  representations,  built  at 
different  times,  to  be  incrementally  integrated  together 
as  they  are  acquired  by  using  a  common  landmark 
indexing  pointer  list, 

• i  Viewpaths  and  sighting  events 

(defstruct  viewpath 

date-initiated 

time  initiated 

start-  location 

in i t ia 1 -des t i nation- coal 

event-sequence-vector ) 

( defstruct  viewpaths-event-id 
viewpaths-occurs-on 
number -of  event-on-  viewpath 
time-of -observation 
original  -event-instance 
f irst-sighting-since- Last-disappearance 
previous -occurrence 
next-occu  rrence ) 

(defstruct  (viewfrarne 

( s include  viewpaths-event-id) ) 
ordered -landmark- sightings 
range-intervals 
relative-sol id-angles 
relative  angular- errors 
relative- azimuth-angles 
ordered  orientation  reversals) 

(defstruct  (original  landmark  instance-event 
( : include  viewpaths-event-id)) 
landmark  name 
schema  instantiation) 

(defstruct  ( landmark-sighting-event 

(: include  viewpaths-event-id)) 
landmark-name) 

(defstruct  ( landmark-disappearance-event 
( ■ include  viewpaths-event-id) ) ) 
landmark  name) 

(defstruct  (lpb -sigh ting -event 

(: include  viewpaths-event-id)) 

1 pb-name ) 

(defstruct  ( lpb-disappearance-event 

(: include  viewpaths-event  id)) 
lpb- name) 

(defst ruct  ( lpb-crossing  event 

( : include  viewpaths-event-id ) ) 

lpb 

crossing -specifier) 

Figuro  4-3:  Environmental  Representation 
Data  Structure 
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4.3  VISUAL  PATH  planning 
AND  FOLLOWING 

The  top  level  loop  for  landmark -based  path  plan¬ 
ning  and  following  is  to: 

1)  determine  a  destination-goal 

2)  compute  and  select  a  current  heading 

3)  execute  the  heading  while  building  up  an 
environmental  representation 

The  destination-goals  are  typically  determined  recur¬ 
sively,  implementing  a  recursive  goal-decomposition 
approach  to  perceptual  path  planning. 

In  this  section  we  give  two  algorithms,  presented 
as  sets  of  rules,  for  performing  this  top  level  loop  for 
the  cases  of  viewframe-based  path  following  and  for 
path  constraints  through  orientation  nets.  Note  that 
algorithms  for  path  planning  and  following  over  metric 
representations  already  exist;  see,  for  example,  Linden 
et.al.  -  86  .  A  rule-based  implementation  of  these  algo¬ 
rithms  permits  hybrid  perceptual  path  planning  and 
following  strategies,  that  can  respond  opportunistically 
to  the  available  data  and  the  certainty  of  the  vision 
system  output. 

Inference  over  viewframes  performs  path  planning 
and  following  over  a  visual  memory,  and  therefore 
assumes  that  viewpaths,  i.e.,  the  visual  memory,  have 
already  been  collected.  If  they  have  not,  paths  must  be 
planned  and  followed  based  on  metric  data  and 
viewpaths  collected  in  the  course  of  following  those 
paths. 

The  concept  underlying  the  path 
planning  following  strategies  encoded  in  these  rules  is 
to  mix  the  following  approaches  as  knowledge  is  avail¬ 
able  or  can  be  inferred: 

•  find  landmarks  in  common  between  viewframes 
between  point  of  origin  and  viewframe- 
dostination  and  compute  vector  (i.e.,  direction 
and  approximate  range)  headings  between 
viewframes 

•  locate  and  get  on  the  correct  side  of  LPB's 
specified  in  an  orientation-destination,  or 

•  associate  visible  and  goal  landmarks  with  map 
data  and  compute  a  metric  heading  between 
current  location  and  goal 

In  the  following  we  present  several  rules  that  effect 
these  strategies  and  then  develop  some  rules  that  mix 
the  approaches  in  attempting  to  reason  opportunisti¬ 
cally.  Notice  that  each  of  these  strategies  provably 
reaches  its  goal,  up  to  the  perceptual  re-acquisition  of 
landmarks  and  the  traversability  of  intervening  terrain. 


if  viewframe  goal  landmarks  visible 

—  >  compute  viewframe- heading 

if  at  least  one  LPB  has  an  incorrect  orientation 
relative  to  our  viewframe-destination-goal 
then  follow  heading  for  approximate  distance 
estimated  by  the  viewframe-heading 
else  maintain  heading  by  control-feedback 
path  following  on  relative  angles  between 
landmarks 

build  a  new  viewpath  to  destination  goal,  using 
the  existing  landmark  list  where  possible 

if  viewframe  goal  landmarks  not  visible  and  view  paths 
exists 

—  >  make  a  viewframe  of  the  currently  visible  region 

chain  back  through  viewpaths  until  common 
landmarks  are  located 

chain  forward  through  viewframes  setting  up 
intermediate  destination-goals 
recursively  execute  viewframe  headings  to  reach 
the  destination  goals  corresponding  to 
visible  landmarks 

if  viewframe  goal  landmarks  not  visible  and  no 
viewpath  exists 

—  >  set  goal  to  find  a  metric  heading 


The  advantages  of  orientation  region  based  rea¬ 
soning  over  viewframe  reasoning  are  that  orientation- 
headings  require  less  computation,  and  LPB’s  can  be 
accurately  acquired  while  moving  at  high  speed  relative 
to  the  processing  power  of  the  vision  system.  The 
tetter  is  because  we  do  not  have  to  include  the  relative 
angles  between  landmarks  in  LPB’s;  so  if  we  extract  a 
viewframe  from  buffered  images,  this  point  does  not 
apply. 

LPB’s  are  visually  observable  one-dimensional 
subspaces  of  the  ground  surface.  Therefore,  if  we 
record  a  viewframe  each  time  we  cross  an  LPB  (that  we 
are  tracking),  we  should  be  able  to  re-acquire  that 
viewframe  by  searching  along  the  LPB.  We  ran  use 
control-feedback  on  the  relative  angles  between  land¬ 
marks  to  locate  the  viewframe  again.  Being  one- 
dimensional,  this  search  is  very  efficient. 

Inference  over  orientation-paths,  analagous  with 
viewpaths,  can  be  performed  in  a  visual-memory  of 
LPB’s  and  landmarks.  However,  orientation-paths  can 
also  be  approximately  inferred  from  viewpaths.  If  two 
viewpaths  were  sequentially  acquired,  then  all  boundary 
orientation  reversals  between  the  two  viewframes  must 
have  occurred  on  the  path  between  the  viewframes. 
Although  we  cannot  order  them  without  metric  data, 
we  can  still  use  this  partially  ordered  sequence  of  LPB 
crossings  to  reason  over;  in  particular  we  can  use  the 
production  system  for  reduction  of  conjunctions  of 
headings  to  compute  an  orientation-heading  between 
viewframes  that  we  have  already  collected. 
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it  orientation  region  goal  landmarks  visible 
~>  compute  orientation  heading 

control  feedback  on  LPB,  using  match  to 
viewframe  along  boundaries  to  locate 
missing,  but  predicted  landmarks 
build  a  new  orientation-path  to  goal,  using 
oxi  .ting  landmark  list 

if  orientation  region  goal  landmarks  not  v  isible  and 
orientation-path  exists 

chain  back  through  orientation-paths  until 
landmarks  common  with  current  viewframe 
are  located 

chain  forward  through  boundary  crossings 
setting  up  orientation-destination-subgoals 
recursively 

execute  orientation-headings  to  reach  the 
destination  goals  corresponding  to  visible 
landmarks 

if  orientation  region  goal  landmarks  not  visible  and 
no  unexplored  orientation-path  exists 
-->  set  goal  to  find  metric  heading 


In  the  following  we  present  detail  on  methods  for 
tracking  back  through  the  environmental  representa¬ 
tion  to  find  landmarks  that  either  are  common  with 
both  the  current  viewframe  and  the  destination-goal 
landmark  set,  and  for  computing  a  plan  as  an  ordered 
list  of  of  recursively  executable  sub-goals. 

1  he  key  to  the  search  is  to  use  the  landmark 
database  as  a  random  access  into  the  criss-crossing 
one-dimensional  path  structures  gathered  on  previous 
system  runs.  If  goals  are  given  for  regions  in  which 
there  are  no  environmental  maps  collected,  goals  are  set 
up  to  develop  headings  from  inference  in  metric  data; 
however,  the  metric  (e.g.,  map)  data  is  not  entered  into 
the  environmental  representations  until  it  is  actually 
perceived.  We  present  the  search  methods  as  a  set  of 
rules  that  operate  over  the  environmental  representa¬ 
tion  and  set  up  goal  structures  and  pointers  into  it. 

if  goal  to  chain  current  viewframe  to  viewframe- 
destination-goal 

-  if  can  metrically  localize  destination-goal 
viewframe 

~>  match  viewframe  against  landmark-database 
access  for  that  metric  localization 
for  each  landmark  in  current-viewframe 
intersect  pointers  to  LPB’s  and  viewfraines 
with  set  of  LPB  and  viewframe  pointers 
for  all  landmarks  in  destination  set 
if  any  intersections  are  non-empty 
-->  set  destination  sub-goal  to  reach  the  LPB 
or  viewframe  in  the  intersection 
else  chain  from  destination  through 
environmental  paths  until  paths  are 
exhausted  or  a  landmark,  LPB  or 
viewframe  with  current-viewframe 
landmarks  in  it  is  found  and  set  up  a 
goal  to  follow  the  path 
else  match  viewframe  against  entire 

landmark-database  and  repeat  above  with 
best  viewframe  matches 
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if  goal  to  metrically  localize  a  viewframe 
~>  if  viewframe  has  grid  attachment 
—  >  use  it 

else  check  if  any  landmarks  in  viewframe  have 
grid  attachments  and  average  them 
else  attempt  to  make  grid  attachment  for 
viewframe  by  matching  landmarks  in  map 
data  with  line-of-sight  reasoning  for 
elevation 

else  chain  back  along  paths  from  viewframe  to 
last  headings  before  viewframe  was  collected 
and  see  if  they  had  metric  headings  and  set 
sub-goals  to  reach  them 
else  return  failure  to  metrically  localize 

if  goal  to  chain  back  from  metric-destination  and  no 
viewpath  or  orientation-path  chain  can  be  found 
->  set  metric-heading  until  range  reached  or 
obstacle  encountered 

if  metric-heading  fails  due  to  obstacle  and  viewpaths 
or  orientation  paths  cannot  be  found  from  the  failure 
point 

>  backtrack  to  skirt  obstacle  in  direction  of 
heading 

if  goal  to  skirt  obstacle  with  metric  heading  failure 
—  >  if  can  match  obstacle  in  map 

—  >  plan  passage  on  map  and  set  up  sequence 
of  metric  headings  with  visual  and  range 
termination  conditions 

else  set  skirt-heading  and  set  daemons  to  find 
passage  beyond  obstacle 


5.  RESULTS 


Several  simulations  of  landmark  acquisition 
scenarios  and  extracted  viewframes,  orientation  regions, 
viewframe  localizations  and  viewpaths  from  them  have 
been  implemented.  Figure  5-1  shows  the  simulated 
landmark  data  over  which  viewframe  localizations  have 
been  extracted.  Figure  5-1  (a)  shows  an  image  take  at 
■  he  Martin  Marietta  Autonomous  Land  Vehicle 
development  site.  Figures  5-l(b)-(e)  show  various 
displays  of  the  30  meter  U.S.  Army  Engineer  Topo¬ 
graphic  Laboratories  terrain  grid  data  gathered  over 
the  area  in  the  image.  Figures  5- 1  (b)  and  (e)  show  two 
different  perspectives  on  a  wire-frame  view  of  the 
elevation  data.  The  displays  include  paint  for  terrain 
type  overlay,  and  a  building  present  on  the  site.  Figure 
5-l(c)  is  an  orthographic  representation  of  the  same 
grid  data,  while  Figure  5-l(e)  is  a  painted  perspective 
display.  Here  the  coarse  quantization  of  the  road  area 
in  the  foreground  is  evident.  The  circles  on  Figure  5- 
1(c)  indicate  three  manually  selected  landmark  points 
representing  two  peaks  and  the  building.  The  x-ed  cir¬ 
cle  on  the  right  is  the  location  of  the  simulated  sensor. 

Figures  o-2(a)-(f)  show  perspective  and  ortho¬ 
graphic  views  of  the  viewframe  localizations  obtained 
relative  to  pairs  of  landmarks.  Range  intervals  of  50% 
the  true  range  were  used.  Because  the  landmarks  are 
approximately  50  pixels  from  the  sensor,  this 
corresponds  to  range  intervals  800  meters  long  for  land¬ 
marks  1600  meters  away.  Angular  errors  of  .1  radian 
wire  used.  In  a  15  degree  field  of  view  for  an  image 
512  pixels  wide,  this  is  approximately  a  65  pixel  error. 


* 


Figure 


'i'WW 


*vert»ea 


North 


iverhead  ZPS:(2  g)(0  Q)(j  1 


Calculate  Vli 


LISP  Listener 


Wesr*  I  umluiKihn 
Vlewputh 


Redisplay  Overhead 
Redisplay  Perspective 
Display  Visibility 
Display  Oi  ientatlons 


Review  Point 

Me, I  Point 

l'i  ev  Point 
Mat  iei 


Current  Position  (31,57,110) 

Landmarks:  (  LCI:  MIL  (57,68,131)'  <L(1:  NIL  (6 
,oM,;QnIL  (39'<,i:,-13b>>  Lils  NIL  C  5,  55, 1 31 )  >  <LM 
10,  1  90)  >  <LM  :  MIL  (50,  19,  195)  >  <LM  :  MIL  (80,53 
Hz i nijtns :  (0.  02 3953736  0,9087661  1.8854092  1  9 
0- 1 7504  1 . 0256968  -5 . 801 4927 ) 

Elevations:  (0.87625897  -0.0669396559344690480 
1183978479580  0.85799766  0.21544746  -0.7815998 
0  -0.60529548326601280) 

5ao^631  E-wPn?3  05678  ‘,2-?b681  33.48134  ■ 


Figure  5-3  Viewpath  S  mutator 


V 

■Jt 

Mm 

verhead  ZPS:(?  ?)(0  0)(1  1) 


vfirhead  ZPS:(2  ?)(0  0)(1  1) 


verhead  ZPS:(2  2)(0  0)(1  1) 


yerhead  ZPS:(2  2)(0  0)(1  1) 


Figure  5-4:  Vicwpath  Execution 


Jwktv.S 


Both  errors  are  far  greater  than  we  expect  in  practice. 
The  intersection  of  the  landmark  pair  localizations, 
resulting  in  the  viewframe  localization,  is  shown  in  Fig¬ 
ures  5-2(g)  and  (h) 

Figure  5-3  shows  an  example  from  the  viewpath 
simulator.  A  360  degree  sensor  is  assumed  Perspec¬ 
tive  windows  are  used  to  manually  select  landmarks. 
The  overhead  windows  are  used  to  pick  a  path  based 
on  output  from  the  navigation  and  guidance  inference 
rules.  Visibility  (upper  left),  viewframes,  (center),  and 
orientation  regions  (upper  right),  are  calculated  as  the 
path  is  executed.  The  LISP  listener  shows  the  output 
from  the  simulator  for  the  viewframe  pictured  above  it. 
Although  the  simulator  outputs  absolute  ranges  to 
landmarks,  they  are  altered  to  coarse  intervals  or  elim¬ 
inated  before  being  passed  to  the  inference  process. 

Figure  5-4  shows  the  results  of  executing  a  series 
of  orientation  headings  to  create  a  viewpath  through 
the  elevation  data.  At  each  point  it  is  assumed  that  all 
visible  landmarks  are  re-acquired  and  correctly  associ¬ 
ated  to  prior  occurrences. 


6.  SUMMARY  AND  FUTURE  WORK 


A  rigorous  theory  of  qualitative,  landmark-based 
navigation  and  guidance  for  a  mobile  robot  has  been 
developed.  It  is  based  upon  a  theory  of  representation 
of  spatial  relationships  between  visual  events  that 
smoothly  integrates  topological,  interval-based,  and 
metric  information.  The  rule-based  inference  processes 
opportunistically  plan  and  execute  routes  using  visual 
memory  and  whatever  data  is  currently  available  from 
visual  recognition,  range  estimates  and  a  priori  map  or 
other  metric  data. 

Key  on-going  development  tasks  include: 

•  integration  of  the  navigation  and  guidance 
capability  with  the  vision  system,  and 

•  addition  of  a  non-monotonic  reasoning  system 
that  accounts  for  imperfect  re-acquisition  of 
landmarks 


Other  tasks  include  reasoning  with  extended  land¬ 
marks,  such  as  road,  rivers  and  ridges,  and  inference  of 
shape  and  additional  topological  relationships  such  as 
region  containment. 
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ABSTRACT 

An  Autonomous  Land  Vehicle  (ALV)  must  be  able  to 
navigate  through  terrain  in  order  to  accomplish  its  mission 
of  surveillance,  search  and  rescue  and  munitions  deploy¬ 
ment.  To  reliably  label  each  region  seen  in  an  image,  the 
vision  algorithm  must  make  use  of  as  much  a  priori  informa¬ 
tion  as  possible  because  of  the  immense  variability  of  out¬ 
door  scenes.  The  a  priori  information  may  be  of  many 
types,  for  instance,  the  nominal  location  of  each  terrain  class 
in  the  image  as  a  function  of  the  imaging  system’s  orienta¬ 
tion.  A  knowledge- based  algorithm  for  terrain  interpretation 
for  multi-spectral  imagery  is  described.  Thi ;  is  a 
significantly  new  approach  to  this  task  because,  unlike  the 
classical  tree  classifier  approaches  used  in  most  of  the 
remote  sensing  literature,  only  knowledge-based  techniques 
are  used  to  classify  image  regions.  This  permits  accurate 
classification  of  the  regions,  despite  imprecise  a  priori  infor¬ 
mation  for  the  feature  values.  The  algorithm’s  design  is 
described  along  with  a  discussion  of  the  new  research  issues 
which  have  been  identified  from  analysis  of  the  algorithm’s 
performance  for  real  multi-spectral  images. 

1.  INTRODUCTION 

The  interpretation  of  terrain  is  of  critical  importance 
to  the  Autonomous  Land  Vehicle  (ALV),  if  it  is  to  survive 
and  carry  out  its  mission  in  a  totally  unstructured  natural 
environment.  In  order  to  perform  the  functions  of  obstacle 
avoidance,  surveillance  and  path  planning,  the  ALV  must 
first  interpret  the  imagery  obtained  from  its  sensors  into  vari¬ 
ous  regions  in  terms  of  their  land  cover,  trafficability  and 
slope.  The  challenges  presented  by  this  task  are  significantly 
greater  than  those  encountered  for  navigation  on  paved  high¬ 
ways  because  of  the  great  variability  of  the  terrain.  There¬ 
fore,  statistical  approaches  to  the  imaec  interpretation 
problem  for  this  case  are  not  sufficiently  robust  without 
adaptive  feature  detection  and  world  knowledge. 

Knowledge-based  techniques  for  region  labeling  can 
tolerate  large  errors  in  feature  data  and  still  produce  mean 
ingful  results.  They  can  be  designed  in  stages  because  of 
their  modular  rule  database:  as  new  contexts  are  discovered 
for  classification  of  features,  the  system  is  reconfigured  by 
the  definition  or  modification  of  a  few  rules.  Knowledge 
based  systems  are  very  efficient  for  the  task  of  performing 
retrieval  operations  on  large  symbolic  databases  on  the  basis 


of  relational  and  contextual  constraints  on  the  data.  It  is  this 
critical  capability  that  makes  knowledge-based  techniques  so 
useful  for  terrain  interpretation:  The  contextual  information 
that  is  applicable  to  all  natural  environments  from  a  general 
world  model  can  be  used  to  improve  the  algorithm’s  perfor¬ 
mance  and  reliability. 

A  substantial  amount  of  work  has  been  done  on  the 
problem  of  labeling  regions  in  segmented  images  with 
knowledge-based  techniques.  These  systems  have  been  used 
for  photointerpretation  applications,1'5  autonomous  weapon 
delivery  systems,4  and  the  labeling  of  features  in  arbitrary 
urban  scenes.5'7  These  expert  systems  have  several  features 
in  common:  A  database  of  calculated  image  features  is 
matched  with  predicates  of  production  rules,  which  are 

represented  as  logical  statements  of  the  form  "If . then  ...." 

and  a  control  system  that  supervises  rule  activation. 

The  system  developed  by  Nagao  and  Matsuyama2 
uses  a  knowledge  base  representing  relational,  contextual 
and  geometric  constraints  for  the  task  of  region  labeling  for 
multi-spectral  imagery  obtained  from  low-flying  aircraft. 
The  region  boundaries  are  detected  by  a  variety  of  low-level 
image  segmentation  algorithms  and  the  resultant  information 
is  archived  on  a  blackboard  shared  by  each  of  the  experts  of 
the  system.  Each  expert  is  optimized  for  locating  a  specific 
kind  of  object  or  region.  They  devised  an  approach  for  the 
reliable  classification  of  vegetational  regions  that  is  indepen¬ 
dent  of  the  time  of  year,  using  the  ratio  of  two  distinct  spec¬ 
tral  bands  to  discriminate  the  vegetation  regions  from  the 
non-vegetation  regions.  They  demonstrate  that  knowledge- 
based  techniques  permit  the  reliable  identification  of  houses 
and  roads  in  congested  urban  scenes  where  other  classical 
approaches  normally  fail.  The  approach  that  they  use  is 
essentially  hierarchical  because  the  segmentation  and 
classification  of  micro-level  regions  of  the  image,  such  as 
houses  or  cars,  is  dependent  on  the  preliminary  segmentation 
of  the  region  that  contains  them.  A  region  growing 
approach  is  used  to  identify  large  regions  of  the  image  with 
global  region  properties  such  as  homogeneity  of  multi- 
spectral  intensity  levels  or  elementary  texture  measures,  but 
no  texture  information  is  used  at  this  stage,  which  is  critical 
for  the  detection  of  regions  in  arbitrary  outdoor  scenes. 
Also,  they  do  not  use  any  map  information,  which  is  very 
useful  for  the  segmentation  of  natural  scenes. 

Ohta'  developed  a  hierarchical  region  labeling 
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scheme  for  color  images  of  urban  scenes.  The  approach  is 
hierarchical  because  an  initial  plan  image  is  derived  and 
labeled  before  a  more  detailed,  data-directed  segmentation  is 
carried  out.  The  plan  image  is  defined  by  a  region  based 
color  image  segmentation  algorithm  The  macro-level 
regions  of  the  plan  image  are:  sky,  tree,  building  and  road. 
These  region  categories  are  detected  using  top-down  contex 
tual  and  spectral  constraints.  The  algorithm  is  very  reliable 
and  can  correctly  label  regions  in  urban  outdoor  scenes 
using  only  57  rules.  His  algorithm  employs  a  texture  meas¬ 
ure  for  region  classification,  but  the  measure  is  expressed  as 
a  three  valued  logical  variable:  a  region  is  either  not- 
textured,  textured  or  heavily-textured.  This  approach  is  use¬ 
ful  for  the  discrimination  of  tree  regions  from  sky,  buildings 
and  roads,  which  are  essentially  untextured,  but  the  approach 
is  not  sufficiently  robust  for  the  discrimination  of  the  tex¬ 
tures  found  in  terrain  images. 

Previous  work  on  the  problem  of  scene  labeling  for 
remote  sensing  applications  has  predominantly  been  res¬ 
tricted  to  classical  techniques.  Landgrebe8  and  Swain9  sur¬ 
veyed  the  state-of-the-art  for  this  application  and  identified 
four  generic  approaches  to  this  problem:  1)  Spectral 
Methods,  2)  Spectral'Temporal  Methods,  3)  Spectral/Spatial 
Methods  and  4)  Spectral/General  Scene  Context  Methods. 
Algorithms  from  category  4)  do  employ  auxiliary  informa¬ 
tion,  such  as  digital  map  data,  water  table  depth  maps  and 
ownership  boundaries,  but  no  work  has  been  described  in  the 
literature  on  the  value  of  knowledge-based  techniques  for  the 
classification  of  regions  in  remotely-sensed  imagery.  Region 
labeling  with  a  priori  spatial  constraints  is  accomplished 
v/ith  relaxation  labeling  for  consistency,10  and  measures  of 
image  texture.  Image  texture  may  be  measured  locally  with 
techniques  such  as  the  co-occurrence  matrix11’12  or  globally, 
with  techniques  such  as  production  system  gramnters  for 
image  structure.13  The  major  obstacle  to  defining  a 
knowledge  base  for  the  interpretation  of  remotely  sensed 
imagery  is  that  it  is  exceedingly  difficult  to  identify  struc¬ 
tural  rules,  for  this  kind  of  imagery,  that  are  universally 
valid.9 

Goldberg,  et  ai14  designed  an  expert  system  for  the 
detection  of  changes  in  the  forests  of  Newfoundland  from 
LANDSAT  imagery.  The  system  is  hierarchical,  with  multi¬ 
ple  tiers  of  experts  applying  domain  knowledge,  in  a  top- 
down  fashion,  to  the  problems  of  detecting  foresting,  forest 
fire  damage  and  disease  infestation.  The  experts  exchange 
information  for  control  and  hypothesis  generation  on  a 
blackboard  message  space.  Knowledge-based  techniques  are 
used  at  the  intermediate  level  of  the  hierarchy  for  the  tasks 
of  change  detection  and  the  interpretation  of  ehanges  in 
forestry  terms,  but  no  knowledge-based  systems  are  used  for 
region  classification.  The  results  produced  by  these 
knowledge  sources  are  extremely  useful. 

Other  researchers  have  evaluated  Markov  Random 
Field  (MRP)  representations  for  image  texture  for  the  task  of 
multi-spectral  image  segmentation.15  A  Markov  Random 
Field  is  a  compact  representation  of  the  inter-dependencies 
of  the  multi  spectral  intensities  of  pixels  of  a  neighborhood 
region.  These  models  are  very  effective  at  distinguishing 
between  regions  whose  means  are  the  same,  but  whose  tex 


tures  are  different 

Our  approach  is  modeled  after  the  urban  scene 
ir..erpretation  algorithms  referred  to  previously  ‘  What  di; 
r  iguishes  our  work  from  this  previous  work  is  the  use  of 
context-dependent  constraints  in  the  knowledge  base,  such  as 
map  data  or  features  cues  from  a  Landman 
Recognition, Prediction  algorithm  16  Constraints  imposed  on 
the  region  labeling  process  with  a  priori  information  for  the 
geographic  region  where  the  vehicle  is  traveling  improve  the 
reliability  of  the  kne  ledge  based  system  significantly.  This 
approach  will  play  a  vital  role  in  the  development  of  a 
totally  autonomous  system,  where  the  vehicle  will  be  able  to 
navigate  without  external  guidance  through  an  unstructured 
natural  environment. 

Interpretation  algorithms  for  remote  sensing  applica¬ 
tions  often  encounter  problems  caused  by  insufficient  spatial 
resolution  of  the  sensor.  The  effect  of  insufficient  spatial 
resolution  is  that  the  spectral  response  observed  at  one  loca¬ 
tion  (generally  a  pixel)  is  a  mixture  of  the  spectral  responses 
of  several  individual  land  categories,  because  the  geographi 
cal  area  subtended  by  a  pixel  contains  a  mixture  of  terrain 
This  problem  is  called  the  mixture-pixel  problem.  For  the 
ground-to-ground  ALV  scenario,  a  similar  problem  exists. 
For  this  scenario,  the  resolution  is,  in  fact,  too  high  for 
pixel-based  labeling.  In  general,  the  spectral  response  of  an 
arbitrary  region  of  a  multi-spectral  image  will  not  be 
equivalent  to  the  spectral  signature  of  a  single  category  of 
terrain,  because  observed  regions  will  be  composed  of  multi 
pie  vegetation  and  land  cover  categories.  Therefore,  the  sig 
nature  of  regions  seen  in  multi-spectral  images  will  represent 
the  accumulated  responses  of  several  vegetational  and  geo¬ 
logical  features.  Because  of  the  high  resolution  of  the 
images  region-based  calculations  are  required  to  defeat  the 
effects  of  sensor  noise.  However,  region-based  measure¬ 
ments  will  be  distorted  by  the  inhomogeneity  of  the  data. 
Constraints  derived  from  context-dependent  knowledge  can 
resolve  this  dilemma.  Expert  systems  are  extremely  efficient 
at  defining  the  target  set  of  several  symbolic  constraints 
applied  to  a  relational  database.  Thus,  knowledge-based  sys 
terns  are  the  most  appropriate  algorithm  for  terrain  interpre 
tation  in  terms  of  efficiency  and  generality. 

The  knowledge-based  methodology,  that  we  have 
labeled  Hierarchical  Symbolic  Grouping  for  Multi-spcctral 
data  (HSGM),  is  an  innovation  in  this  field  for  several  rea¬ 
sons.  The  approach  is  hierarchical  and,  therefore,  is  robust 
despite  significant  discrepancies  between  prior  information  in 
the  knowledge  base  and  the  actual  image  The  first  stage  of 
the  algorithm  is  the  segmentation  of  the  image  into  macro¬ 
level  regions  with  a  gradient-based  technique  that  is  optimal 
for  the  spectral  characteristics  of  the  terrain  categories  that 
the  algorithm  is  designed  to  detect.  The  macro-level  regions 
are-  sky,  forest,  field,  and  road.  The  algorithm  defines  only 
closed  region  boundaries,  and  these  closed  regions  are 
classified  to  one  of  the  four  categories  with  a  knowledge 
based  approach  which  uses  relational,  locational  and  spectral 
constraints.  The  macro  level  regions  are  further  segmented 
with  the  gradient  based  approach.  For  this  stage  of  the 
hierarchy,  the  gradient  based  algorithm’s  parameters  are  the 


467 


J 


$ 

© 
«  A 


& 


I 


fa 

fa 


s 


o.  - 

•Sf 
« .  ■ 


i 


-V 

-1" 


’A 


v 

fa 


vv 

SS 


J 


< 


.v 

// 


.  ** 

•  V 

r  < 


0  * 
o 


« 


p  «  *  „  *  •  " 


algorithm  bIock1dtgramVmbnl'C  °roup,n8  for  Mu,ti-Spectral  images  (HSGM) 


optimal  parameters  for  the  individual  macro-level  region. 
Then,  in  the  next  stage,  the  resulting  subregions  are 
classified  with  a  knowledge  source  that  can  use  contextual 
constraints  for  the  scene’s  structure.  Because  the  knowledge 
base  for  each  macro-level  region  contains  information  only 
for  the  terrain  category  it  classifies,  the  system’s  complexity 
is  greatly  reduced. 

The  algorithm’s  design  will  be  described  in  the  next 
section.  The  principles  of  the  design  of  the  gradient-based 
region  segmentation  algorithm  and  the  approach  to 
knowledge-based  classification  of  regions  are  discussed. 
Experimental  results  obtained  for  real  ALV  Multi-Spectral 
Scanner  imagery  are  discussed  in  Section  III.  The  terrain 
interpretation  algorithm  is  still  undergoing  revisions  as  new 
procedures  for  fine-tuning  its  performance  become  apparent. 
The  current  status  of  the  algorithm  will  be  explained.  Sec¬ 
tion  IV  itemizes  the  important  features  of  this  algorithm  and 
the  contributions  made  to  the  state-of-the-art  of  natural  scene 
interpretation.  The  potential  for  further  development  of  this 
algorithm  for  detailed  terrain  analysis  for  all  categories  of 
natural  terrain  is  also  discussed. 

2.  CONCEPTUAL  APPROACH 

2.1  Problem  Statement 

The  terrain  interpretation  algorithm  is  designed  to 
label  regions  seen  in  a  single  frame  of  multi-spectral 
imagery  to  one  of  several  land  cover  categories,  possibly 
including  information  regarding  the  slope,  trafficability  and 
geological  characteristics  of  the  region.  Examples  of  labels 
which  may  be  assigned  to  regions  are  field  with  grass  and 
chokeberry  vegetation  or  forest  with  hemlock  vegetation 
located  on  class  C  terrain.  It  may  not  be  possible  to  label  a 
region  to  a  single  category,  but  the  candidate  set  for  the  land 
cover  should  be  specific  enough  for  a  navigation  system  to 
either  match  the  region  to  a  digital  map  database  or  to  plan 
a  course  across  the  terrain  without  hitting  any  obstacles. 

2.2  HSGM  System  Overview 

The  terrain  interpretation  algorithm  is  subdivided  into 
five  stages  which  are: 

1 .  Generation  of  "Plan"  Image  -  The  segmentation  of  the 
multi-spectral  image  into  a  "plan"  image. 

2.  Knowledge-Based  Classification,  Macro-Level  -  The 
classification  of  the  regions  of  the  plan  image  with  a 
knowledge-based  scheme. 


3.  Macro-Level  Region  Segmentation  -  The  segmentation 
of  the  labeled  macro-level  regions  with  gradient-based 
techniques  which  are  specifically  designed  for  those 
regions. 

4.  Knowledge-Based  Classification,  Micro-Level  -  The 
labeling  of  subregions  with  contextual  and  spectral 

knowledge. 

5.  Conflict  Resolution  -  The  revision  of  "plan"  image 
region  boundaries  if  subregions  are  found  at  their  bord¬ 
ers  that  do  not  belong  in  that  macro-level  region. 

The  block  diagram  of  the  HSGM  algorithm  is  shown  in  Fie- 
ure  1. 

2.3  Algorithm  Details 

In  the  following  paragraphs,  the  algorithms  that  form 
each  of  the  five  stages  will  be  described  in  detail.  For  each 
of  the  algorithms,  the  features  that  distinguish  our  approach 
from  classical  techniques  will  be  pointed  out. 

2.3.1  Stage  1.  Generation  of  "Plan"  Image  -  As  stated  previ¬ 
ously,  the  algorithms  of  this  stage  define  a  "plan"  image 
which  is  the  basis  of  all  succeeding  region  classifications. 
The  "plan"  image  is  a  coarse  representation  of  the  image 
because  the  algorithms’  parameters  are  tuned  to  detect  only 
larger  features.  Since  the  area  of  these  regions  is  large,  they 
will  suffer  very  little  degradation  from  sensor  noise  or  from 
invalid  algorithm  parameters  and  can  be  extracted  reliably 
from  the  imaged  The  calculation  of  the  "plan"  image  is  also 
a  very  important  data  formatting  step,  transforming  the  raw 
image  data  into  a  symbolic  form  which  is  more  easily  used 
by  a  high-level,  knowledge-based  labeling  algoiithm.  We 
have  named  this  innovative  new  approach  Texture-Gradient 
Edge  Linking  'Relaxation.  A  block  diagram  of  the  approach 
is  shown  in  Figure  2.  Each  of  its  constituent  algorithms  will 
now  be  explained. 

The  Texture-Gradient  Edge  Linking/Relaxation 
approach  is  more  robust  than  traditional  gradient  based  tech¬ 
niques  for  the  following  reasons:  For  the  traditional 
gradient  based  approach,  a  gradient  image  is  calculated  with 
a  differential  window  operator.  The  resultant  gradient  image 
is  transformed  into  a  binary  image  with  an  appropriately 
chosen  threshold.  If  the  value  chosen  for  the  threshold  is 
too  low,  the  resultant  region  boundary  image  will  be 
degraded  by  noise  boundaries,  output  along  with  the  true 
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Figure  2  Texiure-Gradient  Edge  Linking  Relaxation  algorithm.  TBL  is 
the  Texture  Boundary  Locator,  K  and  N  are  parameters  used  in  the  Tex¬ 
ture  Boundary  Locator  algorithm. 


region  boundaries.  If  the  value  chosen  is  too  high,  the 
region  boundaries  will  be  degraded  by  many  gaps.  One  of 
the  algorithms  of  stage  1,  the  Multi-Spectral  Edge  Linking 
Relaxation  algorithm,  uses  multiples  thresholds  for  the  esti¬ 
mation  of  the  irue  region  boundaries.  It  endeavors  to  fill  in 
the  gaps  of  the  highest  threshold  binary  image  by  using  the 

evi  lienee  from  the  edge  points  that  are  output  for  each  of  the 
remaining  thresholds  in  an  optimal  fashion.  In  this  way,  the 
confidence  that  the  edges  of  the  output  binary  image  are  true 
regie  n  boundaries  is  high. 

The  gradient  operators  employed  b«  the  algorithm  do 
not  have  to  be  intensity  gradient  operators:  The  only  require¬ 
ment  made  on  the  gradient  image  is  that  it  should  have  a 
large  magnitude  where  major  discontinuities  occur  between 
regions  of  interest  in  the  image.  Because  me  edges  between 
most  regions  in  natural  scenes  arc  gradual  transitions  from 
one  region's  mean  intensity  to  the  neighbor ng  region’s 
mean  intensity,  we  chose  to  use  the  Texture  Boundary  Loca¬ 
tor  algorithm  to  define  the  gradient  images. 

This  algorithm  calculates  the  texture  gradient  of  an 
image,  which  is  the  local  rate  of  change  of  a  textural  attri¬ 
bute  of  the  image.  The  textural  attribute  is  derived  from  the 
mean  |U  and  standard  deviation  o  of  each  N  x  N  window  of 
the  image,  where  N  is  obtained  as  a  function  of  the  image 
features  to  be  detected. 

The  texture  gradient  is  calculated  as  follows.  A 
2K+1  by  2K  + 1  window  is  centered  at  each  pixel,  where  K  is 
a  function  of  the  size  of  the  region  of  interest  and/or  range 
information  The  window  geometry  for  an  arbitrary  image 
plane  location  P  is  shown  in  Figure  3.  The  pixels  at  the 
centers  of  the  four  sides  and  the  comers  ol  the  2K+ 1  by 
2K+1  window  are  labeled  sequentially  beginning  at  the  top 
left  comer  as  shown  in  the  figure.  The  texture  gradient  is 
obtained  as: 


max  " 

o  <  ;  <  3 


(Hi-Hi  +  3  )  +(<*/ -°i  +  3 


(1) 


The  texture  gradient  is  calculated  only  for  those  multi- 
spectral  images  which  display  sharp  differences  between  the 
means  of  regions  representing  the  four  macro-level  classes: 
sky,  forest,  field,  and  road.  As  shown  in  figure  2,  multi- 
spectral  channels  1,  3,  6,  8,  and  10  are  the  best  images  of 
the  12  for  this  purpose. 

The  criteria  employed  to  select  these  channels  will 
now  be  explained.  Multi-Spectral  Scanner  data  is  collected 
in  12  discrete  bands,  which  are  listed  in  Table  l.17  The 
spectral  characteristics  of  each  of  the  regions  of  interest  can 
be  verified  visually  from  the  images  themselves  or  from 
spectral  reflectance  measurements,  such  as  those  distributed 
by  the  U.S.  Army  Engineering  Topographic  Laboratories 


Figure  3  Texture  gradient  window  geometry  for  Texture  Boundary  Lo¬ 
cator  algorithm 
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Channel 

Spectral  Band  (microns) 

1 

44  49 

2 

.49  54 

3 

.54  .58 

4 

.58  .62 

5 

.62  -  .66 

6 

.66  70 

7 

.70  -  .74 

8 

.77  .86 

9 

97  -  1.06 

10 

1.0  -  1.4 

11 

1.5  -  18 

12 

2.0  2.6 

Table  1  Multi-Spectral  Scanner  Channels 


(ETL).18  The  ETL  data  are  obtained  from  field  measure¬ 
ments  at  the  Martin  Marietta  ALV  Test  Site  with  the  ETL 
spectroradic  neter.  They  provide  precise  measurements  of 
the  spectral  behavior  of  several  terrain  categories  in  the  form 
of  graphs  of  radiance  and  of  reflectance  with  respect  to  a 
Halon  Reference  Standard,  as  a  function  of  wavelength. 
These  measurements  may  be  used  to  extrapolate  the  average 
spectral  reflectivities  of  the  regions  of  interest.  These  esti¬ 
mates  are  then  used  to  identify  the  Multi-Spectral  Scanner 
channels  which  will  exhibit  the  greatest  discontinuity 
between  regions  for  all  possible  pairings  of  the  four  classes. 
As  a  result  of  this  analysis,  a  best  discriminator  set  for  the 
four  classes  was  defined.  It  is  presented  in  Table  2.  Table 
2.  defines  the  best  Multi-Spectral  Scanner  channel  or  chan¬ 
nels  that  may  be  utilized  for  terrain  region  boundary  detec¬ 
tion.  The  optimal  channel  for  detection  of  the  region  boun¬ 
dary  between  a  sp  '1c  terrain  category  along  the  row 
dimension  and  a  terrain  category  along  the  column  dimen¬ 
sion  is  found  at  the  intersection  of  the  row  and  the  column. 

The  parameters  of  the  Texture  Boundary  Locator 
algorithm  are  set  for  each  image  according  to  the  nominal 
range  of  the  terrain  class  boundaries  to  be  detected  for  each. 
For  instance,  channel  8  was  identified  as  the  best  discrimina¬ 
tor  between  the  forest  and  field  classes.  Because  fields  arc 
usually  located  within  5  to  100  yards  of  the  ALV  (as  a  func¬ 
tion  of  the  ALV’s  current  mission  profile)  the  forest-field 
region  boundary  will  be  wide.  Therefore,  the  parameters  of 
the  Texture  Boundaiy  Locator  algorithm  used  for  this  image 
are  K  =  9,  N  11.  The  values  of  the  parameters  N  and  K 
used  for  the  calculation  of  each  "plan"  image  for  the  experi¬ 
mental  results  presented  in  this  paper  are  shown  in  Figure  2. 

The  evidence  for  region  boundaries  obtained  by  pro¬ 
cessing  each  of  the  five  images  with  the  Texture  Boundary 
Locator  algorithm  are  combined  to  produce  a  single  gradient 
image.  Because  the  locations  of  the  image  w  here  each  ot 
the  five  gradient  images  attains  its  maximum  value  are 
essentially  disjoint,  the  gradient  images  may  be  combined 
additively.  Therefore,  each  gradient  image  provides  max 
imum  support  for  the  existence  of  a  true  inter-class  boundary 
for  the  region  boundaries  it  is  designed  to  detect  and  colla 
borative  evidence  for  the  remaining  region  boundaries. 
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Sky 

Forest 

Field 

Road 

Sky 

X 

1 

1 

1 

Forest 

1 

X 

3 

6 

Field 

1 

3 

X 

8,10 

Road 

1 

6 

8,10 

X 

Table  2.  Multi-Spectral  Channels  which  are  optimal  for  the  detection  of 
region  boundaries  between  four  macro-level  chesses.  The  optimal 
channcl(s)  for  the  detection  of  a  boundary  between  a  class  of  the  row  di 
mension  and  a  class  of  the  column  dimension  is  found  as  the  table  entry 
at  the  intersection  of  the  row  and  column. 


The  next  step  of  stage  1,  the  Multi-Spectral  Edge 
Linking  Relaxation  algorithm,  employs  an  edge  confidence 
image  for  joining  together  incomplete  boundaries.  For  an 
edge  confidence  image,  pixel  values  range  from  A,  to  A)V, 
where  AN  signifies  the  highest  confidence  that  a  pixel  is  an 
edge  element.  The  confidence  image  locations  with  the 
intensity  value  AN  are  those  locations  of  the  gradient  image 
whose  intensities  were  equal  to  or  greater  than  the  strictest 
threshold  value  for  that  image.  For  Multi-spectral  Scanner 
imagery,  three  thresholds  at  the  upper  15,  25  and  35  percent 
of  the  confidence  image  intensity  levels  were  found  to  be 
sufficient  to  define  the  true  region  boundaries.  The  use  of  a 
greater  number  of  thresholds  did  not  improve  the  quality  of 
the  detected  boundaries  significantly. 

The  three  steps  of  this  algorithm  are: 

1 .  Label  the  maximum  intensity  pixels  of  the  confidence 
image  as  edge  elements. 

2.  Identify  incomplete  region  boundaries.  If  no  incomplete 
boundaries  are  found,  stop;  otherwise  go  to  Step  3. 

3.  Link  the  incomplete  boundaries  found  for  Step  2.  based 
on  local  edge  evidence  and  the  smoothness  of  the  boun¬ 
dary.  Go  to  Step  2. 

The  criteria  employed  for  selecting  new  edge  loca¬ 
tions  for  Step  3,  in  order  of  precedence,  are  the  following:  1. 
The  edge  location  of  maximum  edge  evidence  of  the  set  of 
neighbors  of  the  endpoint,  2.  The  edge  location  of  maximum 
edge  evidence  of  the  set  of  neighbors  of  the  endpoint  that 
causes  the  smallest  change  in  the  curvature  of  the  incom 
plete  boundary.  Because  new  edge  pixels  are  appended  to 
incomplete  boundaries  until  they  become  complete  boun¬ 
daries,  the  region  boundaries  defined  by  this  algorithm  are 
closed.  After  edge-thinning,  statistics  are  calculated  for  each 
region,  and  these  statistics  are  archived  in  a  database  for  use 
by  the  knowledge  based  region  labeling  algorithm. 

2.3.2  Stage  2.  Knowledge-Based  Classification,  Macro  Level 
-  The  rules  of  the  knowledge-based  region  labeling  algo¬ 
rithm  are  designed  to  locate  regions  of  the  plan  image  whose 
features  are  good  matches  to  known  features  of  five  classes 
of  terrain  The  features  of  the  five  classes  are  archived  in 
symbolic  form  in  the  knowledge  base  The  matching  cri 
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terion  will  be  described  in  the  next  paragraph.  The  five 
classes  of  terrain  are: 

©  =  {  sky,  forest,  mountain,  field,  road  }  (2) 

The  features  used  by  the  region  labeling  scheme  are: 

1.  Spectral  features,  the  mean  and  standard  deviation  of 
each  region. 

2.  Locational  features,  the  correlation  of  the  location  of 
the  region  on  the  image  with  the  expected  location  as  a 
function  of  the  imaging  system’s  orientation. 

3.  Relational  features,  a  set  of  valid  adjacency  ru'es  for 
neighboring  regions. 

The  matching  criterion  employed  is  a  pseudo- 
Bayesian  measure  for  the  conditional  probability  that  the 
region  observed  is  a  member  of  a  specific  class,  given  the 
features  of  the  region.  The  labels  of  the  five  classes  are:  q; 
i=l,...,5  for  the  classes  sky,  forest,  mountain,  field  and  road, 
respectively.  The  features  employed  to  classify  regions  to 

one  of  the  five  classes  are:  fif,  j=l ./;,  for  class  q; 

i=l 5.  If  the  a  priori  probabilities  for  each  class  of  ©, 

P  (  q );  i=l . 5,  are  known,  then  the  conditional  likelihood 

that  a  region  is  an  instance  of  class  q  is: 

P  (  ci\fi  l>  fi  2>  '  '  '  >  fi  y,  )  = 

P  (ci)  p  (Ihf  2.  •  •  •  >/;y,  ci ) 

__ 

Z  P  (  ck)  P  (flc  \>fk  2’  •  •  ■  >fkJt  I  ck ) 

k=  1 

where  p(fn,fi2 .  '  '  '  >fij,  I  ci  )  is  the  probability 
density  of  the  features j=l,. conditioned  on 
the  fact  that  they  are  observations  of  class  q. 

Because  of  the  immense  variability  of  outdoor 
imagery,  the  features  /■  j,  for  each  i,  of  a  specific  region  are 
asymptotically  independent  as  the  size  of  the  region  becomes 
large.  "Plan"  image  regions  are  large  regions  and,  therefore, 
their  features  can  be  viewed  as  being  independent.  The  pre¬ 
vious  expression  may  be  written  as: 
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J; 

p(  ci )  n  p  ( hj  i  ci ) 

P(c,  l/it>//2>  "  =  — - LLJk - (4) 

Z  p(  ck  )Y\p  (fkj  I  Ck ) 

k= 1  ;= 1 

The  initial  probabilities  of  the  classes,  P  ( q  ); 
i=l,...,5,  are  all  equal  to  1  for  our  system.  Equation  (4)  may 
be  used  to  calculate  the  likelihood  that  a  specific  region  is 
actually  an  observation  of  a  specific  terrain  class. 

The  terms  p  (fjj  \  q  );  j=  1 . /,■;  i=l,...,5  in  equation 

(4)  are  very  difficult  to  estimate  for  an  arbitrary  multi- 
spectral  image.  To  obtain  meaningful  results  with  a 
Bayesian  approach,  it  is  necessary  to  approximate  the  den¬ 
sity  functions  p  ( \  q  );  j=l,...^;  i=l,...,5  as  uniform  likel¬ 
ihood  functions  for  an  appropriate  range  of  feature  values.6 
These  functions  are  often  approximated  as  trapezoidal  densi¬ 
ties.  An  example  of  this  technique  is  the  density  estimated 
for  the  5x5  window  means  of  multi-spectral  channel  3,  for 
the  class  forest,  which  is  shown  superimposed  on  the  actual 
measurements  of  the  feature  in  figure  4. 

Each  of  the  three  categories  of  features  for  this  stage; 
spectral,  locational  and  relational,  can  be  parameterized  as 
conditional  likelihoods.  In  a  strict  probabilistic  sense,  the 
conditional  probabilities  of  relational  features  should  depend 
on  the  assigned  classes  of  both  regions  that  effect  the  rela¬ 
tion.  That  is,  the  likelihood  should  be  a  function  of  the 
form: 

P  (fij  I  ci  -  ck  )  (5) 

where  q  is  the  class  of  the  region  being  classified, 
and  q  is  the  class  of  the  neighbor  region. 

Thus,  Bayes  Rule,  as  expressed  in  equation  (4),  docs 
not  apply  for  this  feature  and  an  alternative  representation 
for  the  effect  of  the  relational  feature  on  the  conditional 
class  likelihood  for  class  q  is  necessary.  This  technical 
difficulty  is  avoided  for  the  current  implementation  of  the 
HSGM  algorithm  by  doing  the  following:  The  relational 
rules  of  the  knowledge  base  are  only  applicable  to  adjacent 
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pairs  of  regions  for  which  one  of  the  regions  has  been 
classified  with  certainty  to  one  of  the  five  classes.  When  a 
region  is  classified  with  certainty  for  our  system,  all  spectral 
and  lc  aional  rules  and  at  least  one  relational  rule  that 
effect  classification  of  the  region  have  been  evaluated, 
and  the  class  label  is  that  class  that  has  the  greatest  condt 
tional  likelihood  as  calculated  with  equation  (4). 

Because  relational  features  have  to  be  evaluated  for 
every  region  in  the  image,  there  must  be  an  initial  starting 
point  where  there  is  at  least  one  region  classified  with  cer 
tainty  The  terrain  interpretation  algorithm  uses  a  heuristic 
to  olve  this  problem  All  regions  that  qualify  as  a  sky 
region  with  spectral  and  locational  constraints  alone  are 
labeled  to  the  class  sky  with  certainty.  Then  the  remaining 
regions  are  labeled  with  the  full  set  of  rules.  When  every 
region  Iris  been  labeled,  the  algorithm  stops. 

2  .1  S Mgr  o.  Macro-Level  Region  Segmentation  The  third 
s  (>!  the  terrain  interpretation  algorithm  is  the 
segmentation  of  each  ’plan"  image  region  into  subregions 
with  th:  Texture-Gradient  Edge  Linking  scheme  of  stage  1. 
The  only  differences  hetween  the  implementation  of  this 
scheme  for  this  stage  and  the  implementation  for  the  first 
s  ge  ate.  1  The  group  of  images  employed  and  2.  The 
coefficients  that  define  the  sensitivity  of  the  Texture  Boun¬ 
dary  I  .ocutor  algorithm  The  set  of  images  used  for  subre¬ 
gion  boundary  detection  for  each  of  the  five  terrain  classes 
arc  those  that  exhibit  sharp  discontinuities  between  subre¬ 
gion  of  interest.  The  coefficients  of  the  Texture  Boundary 
Locator  algorithm  arc  the  values  that  correspond  to  the  range 
of  the  "plan"  image  region. 

2  o' .4  Stage  4.  Knowledge -Based  Classification,  Micro-Level 
I  fourth  stage  of  the  algorithm  is  knowledge  based 
subregion  labeling.  The  region  labeling  scheme  is  identical 
to  tl  region  lahcling  scheme  of  the  second  stage,  except 
that  limited  relational  features  are  used.  The  categories  of 
spectral  features  are  the  same  as  for  stage  2,  with  one 
enhanced  feature;  the  ratio  of  subregion  mean  intensities  for 
pans  of  multi  spectral  images. 

2..L0  Stage  5.  Conflict  Resolution  -  The  last  stage  of  the  ter¬ 
rain  interpretation  algorithm  is  the  resolution  of  conflicts. 

I  he  purpose  ol  this  step  is  to  transfer  subregions  from  one 
plan"  image  region  to  a  neighboring  "plan"  image  region  if 
the  classification  of  th  •  r.tbrcgion,  obtained  from  stage  4,  is 
in  conflict  with  the  part  t  region’s  classification.  This  step 
is  necessary  because  plan"  image  region  boundaries  are  fre¬ 
quently  offset  from  the  true  boundary  location  by  as  much 
as  10  pixels,  due  to  the  unsharp  qualities  of  edges  in  outdoor 
scenes.  This  means  that  subregions  that  lie  at  the  border 
between  macro  level  regions  may  be  assigned  to  the  wrong 
region  This  step  detects  all  subregions  which  may  have 
been  misclassified  because  they  are  adjacent  to  an  incorrect 
"p  an  image  region  houndary,  and  merges  them  into  the 
nei  •’  hi  -ing  region  if  there  is  no  conflict  with  the  class  label 
ol  the  tie  hbot  II  the  subregion  cannot  be  classified  as  an 
element  ol  either  plan’  image  region,  it  is  labeled  as  an  ele 
ment  ol  tin  class  unknown.  This  is  a  useful  technique  for 
detc  ting  regions  lor  which  the  HSGM  algorithm  has  no 
a  priori  nf  mation  Shadows  may  also  be  detected  and 
properly  classified  bv  using  physical  world  constraints 


3.  EXPERIMENTAL  RESULTS 

The  terrain  interpretation  algorithm  has  been  imple 
mented  for  stages  1-3.  Work  at  implementing  stages  4  and 
5  is  on-going  ’Plan"  image  region  classification  results  are 
good. 

The  1ISGM  algorithm  is  implemented  on  two  com 
puters  at  the  Image  Research  Laboratory  at  the  Honeywell 
Systems  and  Research  Center  The  feature  detection  stages, 
stages  1  and  3,  are  implemented  in  the  C  programming 
language  on  a  VAX  11/750  computer  under  the  Berkeley 
UNIX  4.3  operating  system  The  knowledge-based  region 
labeling  formalism,  stages  2,  4  and  5,  are  implemented  in  a 
pattern-based  reasoning  language  package,  written  in  Com¬ 
mon  Lisp,  on  a  Symbolics  3670.  Data  is  transferred  from 
one  computer  to  the  other  by  means  of  a  ChaosNet  File 
Transfer  Protocol  (FTP). 

The  performance  of  the  first  stage  of  the  HSGM  algo¬ 
rithm  was  evaluated  for  several  Multi  Spectral  Scanner 
images  from  the  Collage  1  database'  which  was  acquired  at 
the  Martin-Marietta  ALV  Test  Area.  A  few  of  the  experi¬ 
mental  results  obtained  are  described  in  the  following  exam¬ 
ples. 

Example  1.  Figure  5  displays  the  12  Multi-Spectral  Scanner 
images  of  the  image  MULTI  12  ("Segment  O")  from  the  Col¬ 
lage  1  data  set.  The  12  multi-spectral  images  are  shown 
sequentially  going  from  left  to  right  across  the  page,  where 
the  first  row  begins  at  the  top  left  corner  of  the  figure,  the 
next  row  is  the  one  below  it,  etc.  As  a  result  of  a  scanner 
electronics  malfunction,  no  data  is  available  for  channel  9 
for  any  multi-spectral  image  of  Collage  1,  which  is  why 
channel  9  in  figure  5  (  3’rd  row,  l’st  column  )  is  missing. 
Figure  6  is  the  luminance  image  (the  Y  image  of  the  NTSC 
television  standard  for  color  imagery  transmission)  of  the 
multi-spectral  image  MULTI  12  over  which  the  "plan"  image 
region  boundaries  are  superimposed.  The  segmentation  of 
all  terrain  classes;  sky,  forest,  field  and  road,  are  good.  Note 
that  the  foothills  are  accurately  segmented  and  that  the 
occluding  borders  of  hills  in  the  foreground  are  detected  as 
well.  For  the  purpose  of  visual  verification  of  the  results, 
the  luminance  image  without  superimposed  "plan"  image 
region  boundaries  is  presented  in  figure  7. 

Example  2  Figure  7  is  the  luminance  image  of  the  multi- 
spectial  image  MULTI 36  ("Segment  V")  from  the  Collage  1 
data  set,  over  which  the  "plan"  image  region  boundaries  are 
superimposed.  All  major  region  boundaries  of  the  image 
have  been  detected,  except  for  the  left  and  right  forks  of  the 
road.  These  region  boundaries  were  not  detected  because 
they  are  located  at  too  great  a  distance  from  the  ER1M  sen¬ 
sor.  I  he  range  of  distances  at  which  road  boundaries  may 
be  detected  is  a  function  of  the  parameters  of  the  Texture 
Boundary  Locator  algorithm  for  multi  spectral  images  8  and 
10,  which  are  the  best  channels  for  detecting  road  boun¬ 
daries  (see  Table  2).  Because  the  edges  of  road  boundaries 
for  these  channels  are  not  sharp,  the  coefficients  of  the  Tex 
ture  Boundary  Locator  algorithm  are  set  for  wide  boundaries 
(K  9,  N-  11  for  multi  spectral  channel  8  and  K  11,  N=13 
for  multi-spectral  channel  10),  When  road  regions  are 
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4.  CONCLUSIONS 

A  robust  algorithm  for  the  detection  of  structural 
region  boundaries  for  terrain  images  was  described  This  is 
i  novel  technique  for  an  application  domain  that  traditionally 
has  been  approached  with  statistical  methods.  The  problem 
of  region  classification  is  solved  with  knowledge-based  tech 
n.qucs  because  of  their  efficiency  for  'he  task  of  processing 
symbolic  feature  data.  Regions  of  the  segmented  multi 
spectral  image  are  labeled  with  an  evidential  reasoning 
approach  because  it  counteracts  the  effects  of  incomplete  or 
inaccurate  knowledge  in  the  knowledge  base.  Experimental 
results  for  macro-level  region  boundary  estimation  are 
described.  The  algorithm’s  current  state  of  development  is 
the  following:  the  first  three  of  five  stages  are  implemented 

and  stages  4  and  5  are  now  being  evaluated  and  optimized. 
The  initial  experimentation  with  the  algorithm  has  permitted 
us  to  acquire  an  appreciation  for  its  potential,  and  on  the 
basis  of  ns  strong  pcrfkmf one**  for  a  very  difficult  image 
segmentation  problem,  we  plan  to  continue  the  development 
of  this  algorithm. 
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Abstract 

We  discuss  design  issues  for  an  interactive  scene  modeling 
system  appropriate  for  cartographic  tasks.  Among  the  major 
goals  of  such  a  system  arc  the  ability  to  enter  and  display  car¬ 
tographic  features  registered  to  geographic  coordinate  systems, 
to  handle  cartographic  data  base  operations,  and  to  support  au¬ 
tomated  and  semiautomated  feature  compilation.  In  addition, 
the  system  should  be  suitable  for  use  as  a  softcopy,  interactive 
cartographic  display  system  that  could  replace  hardcopy  maps 
for  an  end  user.  A  prototype  for  such  a  system  has  been  imple¬ 
mented  and  is  being  actively  developed.  We  present  some  of  the 
features  and  capabilities  of  the  existing  system,  and  illustrate 
its  use  in  several  scenarios. 

1  INTRODUCTION 

Manual  photointerpretation  ot  images  is  a  difficult  and  time- 
consuming  step  in  the  compilation  of  cartographic  information. 
Organizations  that  are  responsible  for  map  generation  are  faced 
with  increasing  volumes  of  data  to  be  processed,  as  well  as 
with  demands  for  an  increasing  variety  of  cartographic  prod¬ 
ucts.  Manual  photointerpretation  techniques  do  not  seem  to  be 
able  to  meet  the  projected  requirements;  thus  it  is  hoped  that 
these  needs  can  eventually  be  met  by  using  digital  image  data 
and  automated  image-understanding  approaches. 

Unfortunately,  it  is  extremely  unlikely  that  complete  automa¬ 
tion  can  be  achieved  with  current  image-understanding  tech¬ 
niques.  Among  the  concepts  that  might  be  used  to  circumvent 
this  problem  in  the  near  term,  and  perhaps  even  in  the  long 
term,  are  the  following: 

•  Computer- Assisted  Enhancement  of  Human  Pro¬ 
ductivity.  We  can  exploit  computer-automated  tools  for 
enhancing  the  productivity  and  capabilities  of  the  individ¬ 
ual  human  photointerpretcr.  It  is  reasonable  to  expect  that 
a  division  of  labor  can  be  defined  in  which  decisions  re¬ 
quiring  substantial  expertise  and  knowledge  of  the  context 
are  carried  out  by  the  human,  while  tedious  tasks  requir¬ 
ing  less  abstract  knowledge  can  be  sent  to  the  computer. 
The  human  in  such  a  scenario  plays  the  role  of  a  supervi¬ 
sor  who  directs  the  attention  of  the  automated  processes, 
then  evaluates  and  edits  the  results  to  conform  with  his  or 

This  research  was  supported  principally  by  the  Defense  Advanced  Re¬ 
search  Projects  Agency  under  Contract  No.  MDA903-86-C-0084;  some 
aspects  of  the  research  were  also  supported  by  National  Science  Founda 
tion  Grant  Nos.  DCR-8312766  and  1ST  851  1751. 


her  superior  knowledge  of  the  task.  To  accomplish  the  de¬ 
sired  productivity  enhancement,  a  well-engineered  human 
interface  is  absolutely  essential. 

•  Conversion  to  Softcopy  Cartographic  Viewing  Sys¬ 
tems  Customizable  by  the  End  User.  Hardcopy  car¬ 
tographic  products  are  typically  designed  for  particular 
task  domains.  Attempts  to  economize  by  making  carto¬ 
graphic  products  that  cover  many  different  needs  are  coun¬ 
terproductive  because  extracting  task-specific  information 
becomes  too  difficult  for  users.  By  providing  computer  data 
bases  with  flexible  mechanisms  for  selecting  the  informa¬ 
tion  to  be  displayed,  we  can  permit  the  user  to  create  a 
map  specifically  adapted  for  the  task  at  hand,  while  retain¬ 
ing  the  freedom  to  change  tasks  quickly  within  the  same 
environment.  Furthermore,  since  computer  methods  may 
be  used  to  construct  customized  data  displays,  to  update 
rapidly  changing  cartographic  information,  and  even  to  sim¬ 
ulate  natural  scene  views  in  real  time,  the  overall  effective¬ 
ness  and  utility  of  softcopy  viewing  methods  could  in  many 
cases  surpass  those  of  hardcopy  cartographic  systems. 

Research  on  computer-based  system  designs  that  can  simulta¬ 
neously  enhance  the  capabilities  of  an  individual  human  analyst 
and  adapt  to  the  cartographic  requirements  of  an  end  user  is 
therefore  of  great  interest. 

In  this  paper  we  discuss  the  design  and  implementation  of  a 
prototype  system  with  the  desired  capabilities.  Major  portions 
of  the  system  have  been  implemented,  tested,  and  rewritten  sev¬ 
eral  times,  so  that  our  concepts  of  the  design  issues  have  been 
significantly  seasoned  by  practical  experience  with  the  proto¬ 
type.  Section  2  gives  an  overview  of  the  design  objectives  and 
the  way  they  have  been  met  in  the  current  system.  Section  3 
presents  several  scenarios  showing  fiow  the  system  can  be  used; 
these  examples  illustrate  some  techniques  that  arc  unique  to  the 
interactive  computer-based  analysis  environment.  We  conclude 
with  a  discussion  of  our  plans  for  future  work. 

2  SYSTEM  DESIGN 

We  believe  that  the  following  specific  capabilities  are  among 
those  needed  in  an  interactive  cartographic  display  and  analysis 
environment  that  meets  the  needs  outlined  above: 

1  Support  creation  editing,  interactive  manipulation,  and  re¬ 
alistic  rendering  of  objects  making  up  arbitrarily  complex 
three-dimensional  (3-D)  scenes. 
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2.  Allow  such  objects  to  be  merged  with  geographically  precise 
data  bases  of  images,  terrain  models,  and  maps. 

3.  Handle  multiple  overlapping  views  of  the  same  geographic 
area,  including  but  not  limited  to  stereographic  image  pairs, 
while  maintaining  the  correct  geographic  locations  of  all 
interactively-moving  objects  in  each  view. 

4.  Generate  synthetic  scene  views  using  object  data  bases  com¬ 
bined  with  terrain  models,  images,  and  feature  modeling 
knowledge. 

5.  Incorporate  data  bases  of  semantic  object  relationships  and 
domain  knowledge,  along  with  the  ability  to  answer  interac¬ 
tive  set-membership  queries  concerning  data  base  contents. 

6.  Support  automated,  semiautomated,  and  manual  carto¬ 
graphic  compilation  procedures  within  the  system. 

7.  Support  the  incorporation  of  knowledge-based  systems  that 
correctly  deal  with  geographic  and  temporal  relationships 
as  well  as  with  the  context  of  cartographic  compilation. 

The  major  characteristics  of  the  current  system  are  summa¬ 
rized  in  Figure  1.  In  broad  overview,  the  system  works  on  a 
body  of  information  sources  and  provides  the  user  an  elaborate 
set  of  interpretive  tools  with  which  to  manipulate  and  edit  car¬ 
tographic  information  displays. 

2.1  Information  Sources 

Among  the  types  of  information  that  should  be  handled  by 
the  system  are  the  following: 

•  Images.  Digitized  photographs  or  similar  sensor  data  from 
geographic  areas  relevant  to  modeling  and  feature  extrac¬ 
tion  tasks.  Associated  with  the  images  should  be  supple¬ 
mentary  data  such  as  geographic  coordinates,  camera  mod¬ 
els,  illumination  information,  exact  times  that  allow  recon¬ 
struction  of  sun  position  for  outdoor  scenes,  sensor  char¬ 
acteristics,  sensor  response  information,  and  atmospheric 
properties  at  the  time  the  images  were  generated. 

•  Digital  Terrain  Elevation  Data.  When  available,  ter¬ 
rain  elevation  data  should  be  registered  to  the  correspond¬ 
ing  images.  This  permits  the  construction  of  accurate  syn¬ 
thetic  images,  as  well  as  the  generation  of  cartographic 
products  containing  elevation  information. 

•  Compiled  Feature  Data.  Cartographic  feature  data 
bases  are  needed  for  the  generation  of  cartographic  prod¬ 
ucts  meeting  the  needs  of  tasks  for  which  an  image  alone 
is  insufficient.  Ideally,  the  system  should  support  the  inter¬ 
pretation  of  precompiled  feature  data  bases,  the  editing  of 
any  item  in  such  a  data  base,  and  the  interactive  entry  of 
new  data  base  features. 

•  Feature  Models,  In  order  to  support  the  entry  of  new 
features,  a  library  of  predefined  prototype  feature  models 
is  required.  Such  models  would  be  used  either  by  an  ana¬ 
lyst  generating  a  distributable  feature  data  base  product, 
or  by  an  end  user  updating  an  existing  data  base.  Feature 
models  typically  interact  with  utilities  that  allow  them  to 
be  instantiated,  moved  to  correct  geographic  positions,  and 
adjusted  with  respect  to  their  internal  parameters. 


2.2  Interpret ivo  Tools 

The  interactive  needs  of  the  user  are  met  by  several  subsys¬ 
tems  of  software  tools  oriented  toward  cartographic  compilation 
tasks.  Tlie  interpretive  tools  currently  available  or  planned  in 
the  immediate  future  include: 

•  ImagCale  (TM).  The  SRI  ImagCalc  system  provides  a 
comprehensive  interactive  environment  for  viewing,  exam¬ 
ining,  and  analyzing  digitized  imagery.  The  interactive  en¬ 
vironment  itself  is  implemented  using  a  complete  library 
of  programmer’s  tools  that  are  available  for  developing 
new  image  processing  application  programs  and  systems. 
ImagCalc  supports  the  use  of  multiple  concurrent  image- 
containing  graphics  windows,  each  of  which  is  associated 
with  a  stack  of  image  displays.  Full  facilities  for  generat¬ 
ing  plots  and  overlay  graphics  are  available.  ImagCalc  also 
supplies  mechanisms  for  accessing  extremely  large  images 
directly  from  disk  storage,  without  requiring  that  the  im¬ 
age  occupy  the  computer's  possibly  limited  virtual  memory 

•  SnperSketcIi  (1  M ).  The  SRI  SuperSketch  modeling  sys¬ 
tem  [see,  for  example,  Pentland,  1986]  contains  complete  fa¬ 
cilities  for  creating  general  shapes  based  on  superquadric  al¬ 
gebraic  forms  and  their  deformations.  Utilities  are  available 
for  generating  fractal  textures  and  other  realistic  coloring 
and  texturing  in  rendered  scenes,  Composite  objects  with 
negative  components  are  available  to  permit  the  carving  of 
complex  holes  in  a  shape.  The  methods  used  by  SuperS¬ 
ketch  arc  particularly  useful  for  the  construction  of  natural 
and  irregular  objects.  Object  models  generated  by  SuperS¬ 
ketch  can  be  passed  directly  to  the  cartographic  modeling 
system  and  built  into  cartographic  scenes. 

•  Cartographic  Modeling  Tools.  To  meet  some  of  the 
particular  needs  of  cartography,  the  system  contains  an 
extensive  cartographic  modeling  facility.  Typical  models 
include  3-D  cross-hairs,  3-D  labels,  arbitrary  planar-faced 
objects,  smoothly  shaded  objects  represented  by  triangu¬ 
lar  grids,  digital  terrain  models,  closed-curve  area  delin¬ 
eations,  linear  features,  and  ribbon-like  features.  Various 
types  of  buildings  and  cultural  structures  are  represented 
as  planar-faced  objects,  while  SuperSketch  models  are  rep¬ 
resented  within  this  context  as  a  type  of  smoothly  shaded 
object.  Among  the  facilities  available  are: 

Interactive  adjustment  of  3-D  model  parameters. 
Precise  manual  entry  of  the  cartographic  coordinates 
ol  an  object. 

Arbitrary  adjustment  of  the  camera  model. 

On-demand  adjustment  of  object  altitude  to  match  the 
elevation  in  the  digital  terrain  model. 

Matching  of  object  altitude  to  the  disparity  in  a  stereo 
pair. 

Display  of  the  path  of  a  ray  of  sunlight  through  any 
object  vertex  terminating  at  the  terrain  model  surface. 

Many  different  viewpoints  of  a  particular  scene’s  object 
models  may  be  maintained  and  kept  in  view  on  different 
windows  of  the  screen  Motion  of  an  object  can  bo  displayed 
simultaneously  in  multiple  views  so  3-D  alignment  is  achiev¬ 
able  with  or  without  a  stereoscopic  display.  Among  the  dif¬ 
ferent  motion  modes  available  is  the  capability  of  moving 
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an  object  along  the  camera  ray  of  a  particular  image,  so 
that  in  other  views  the  object  moves  on  the  epipoles  of  each 
view  Several  different  digitized  images  can  be  displayed 
with  the  same  geographically  positioned  cartographic  ob¬ 
jects;  this  type  of  interimage  alignment  is  almost  trivial  in 
this  system  but  can  be  difficult  to  achieve  using  manual 
techniques. 

•  Synthetic  Scene  Generation.  When  a  digital  terrain 
elevation  model  is  available,  any  image  may  be  used  to  gen¬ 
erate  a  synthetic  view  of  the  scene  from  an  arbitrary  cam¬ 
era  position.  This  facility  computes  a  view  of  the  elevation 
model  with  a  resolution-dependent  resampling  of  the  image 
projected  onto  it  [see  for  example,  Quam,  19851.  Modeled 
objects  can  be  incorporated  into  such  scenes  either  as  wire¬ 
frame  overlays  or  as  simulated  grey-scale  renderings  utiliz¬ 
ing  the  lighting  model.  One  can  construct  simulated  mono- 
scopic  or  stereoscopic  movies  that  greatly  enhance  the  user’s 
perceptions  of  the  scene  by  chaining  together  a  sequence  of 
such  views  and  displaying  them  in  rapid  succession.  For 
certain  tasks,  such  a  simulated  movie  of  the  terrain  appear¬ 
ance  can  be  vastly  more  useful  than  a  conventional  map. 

•  Cartographic  Data  Base  Facilities.  Several  coordi¬ 
nated  efforts  are  now  underway  at  SRI  to  design  data  bases 
appropriate  for  cartography  and  navigation.  While  these 
particular  capabilities  have  not  yet  been  incorporated  di¬ 
rectly  into  the  system,  we  have  implemented  elementary 
data  base  operations  that  allow  the  selection  and  group¬ 
ing  of  cartographic  features.  As  the  data  base  design  work 
matures,  we  expect  to  add  the  new  capabilities  to  the  cur¬ 
rent  prototype.  We  will  then  be  able  to  handle  data  base 
construction  and  interactive  queries  interrogating  the  car¬ 
tographic  data  structures. 

•  Sninirnitoinated  Application  Facilities.  The  capabili¬ 
ties  and  utilities  of  the  existing  system  provide  a  very  flexi¬ 
ble  framework  in  which  to  build  applications.  With  our  cur¬ 
rent  interactive  facilities,  it  is  natural  to  emphasize  appli¬ 
cation  programs  that  have  a  substantial  interactive  compo¬ 
nent.  We  envision  the  system  starting  out  with  the  manual 
interfaces  required  for  many  cartographic  compilation  tasks, 
then  progressively  acquiring  the  subsystems  needed  to  au¬ 
tomate  various  subtasks,  and  finally  being  able  to  achieve 
some  types  of  work  in  a  completely  automated  fashion. 

We  believe  that  providing  an  environment  ir  which  to  explore 
the  evolution  from  manual  computer-based  cartography  to  auto¬ 
mated  cartography  is  one  of  the  most  important  features  of  the 
effort  described  here.  With  existing  technology,  certain  tasks, 
such  as  those  depending  on  extensive  background  knowledge, 
common  sense,  and  reasoning,  can  be  carried  out  by  humans 
much  more  effectively  than  by  any  computer  system;  similarly, 
for  many  tasks,  such  as  those  involving  extensive  computation 
and  repetition  of  well-understood  algorithms,  computer  automa¬ 
tion  is  much  more  efficient  than  a  human  could  be.  F inally,  there 
is  a  middle  ground,  where  a  complex  operation  can  be  carried 
out.  most  efficiently  using  techniques  that  involve  close  cooper¬ 
ation  between  a  human  operator  and  an  automated  computer. 
The  challenge,  then,  is  to  discover  those  problem  domains  and 
techniques  that  allow  humans  and  computers  to  cooperate  and 
produce  results  that  exceed  the  capabilities  of  either  functioning 
alone. 


3  ILLUSTRATIVE  SCENARIOS 

In  this  section,  we  describe  several  actual  scenarios  that  can 
be  carried  out  in  the  current  implementation  of  this  system. 

3.1  Object  Construction  by  Shadow  Alignment 

For  our  first  task  let  us  see  how  an  accurate  3-D  building 
model  would  be  constructed  by  exploiting  various  features  of 
the  system.  In  Figure  2a,  we  show  an  image  containing  tall 
buildings;  supplementary  data  for  this  image  include  the  eleva¬ 
tion  model,  solar  illumination  geometry,  and  a  camera  model 
First,  we  create  a  default  rectangular  building  model  and  use  a 
utility  to  drop  one  corner  to  the  ground  level  as  indicated  by  the 
elevation  model.  Next,  we  interactively  adjust  the  length  and 
width  of  the  building  model  until  they  coincide  with  the  appear¬ 
ance  of  the  building  roof  in  the  image.  We  now  adjust  the  height 
of  the  building.  Using  another  utility  to  drop  a  sun  ray  from  the 
building  corner  to  the  ground  (as  estimated  from  the  elevation 
model),  we  see  the  display  shown  in  Figure  2b;  by  adjusting  the 
height  until  this  ray  coincides  with  the  Building  shadow,  we  can 
obtain  a  relatively  accurate  3-D  model  of  the  building.  An  ex¬ 
perienced  user  can  accomplish  this  entire  procedure  in  5  or  10 
seconds. 

A  different  approach  is  available  if  we  make  use  of  the  sys¬ 
tem’s  scene  simulation  capabilities.  Using  the  solar  illumination 
geometry,  we  can  construct  a  camera  model  that  corresponds  to 
an  orthographic  projection  of  the  scene  through  the  location  of 
the  sun  itself.  In  this  view,  motion  along  any  sun  ray  leaves  a 
point  in  the  synthetic  image  invariant  Similarly,  all  shadows  of 
building  corners  must  appear  exactly  aligned  with  the  building 
corners  themselves,  to  within  the  accuracy  limits  of  the  eleva¬ 
tion  model.  Using  this  “solar”  camera  model,  we  construct  the 
synthetic  scene  view  shown  in  Figure  2c,  and  align  the  build¬ 
ing  corners  with  the  shadows  directly  in  the  synthetic  image. 
In  Figure  2d,  we  show  another  synthetic  view  containing  a  ren¬ 
dering  of  several  3-D  building  models  constructed  using  these 
techniques. 

3.2  Storoogrnphic  Road  Delineation 

Suppose  now  that  we  have  a  stereo  pair  of  images  or  a  distinct 
pair  with  different  camera  parameters,  while  our  task  is  to  enter 
a  curve  that  follows  a  road  in  the  image.  Starting  from  tile  image 
pair  in  F  gures  3a  and  3b,  we  begin  laying  down  the  points  of 
a  curve  following  the  road.  At  each  point,  we  can  check  the 
appearance  of  the  curve  in  both  pairs  of  images  simultaneously. 
In  particular,  it  is  very  effective  to  use  the  utility  that  fixes  a 
point  of  the  curve  to  lie  on  the  camera  ray  in  one  image  while 
moving  it  along  an  epipole  in  the  stereo  view.  We  construct  and 
check  each  node  of  our  curve  in  this  way,  and  then  display  the 
pair  using  a  3-D  spline  fit,  as  shown  in  Figures  3c  and  3d. 

3.3  Hand  Segmentation 

Finally,  suppose  our  task  is  to  create  a  manual  segmentation 
of  a  particular  area.  We  begin  with  the  image  in  Figure  4a, 
and  create  a  curve.  By  interactively  inserting,  deleting,  and 
moving  nodes  of  the  curve,  we  construct  the  delineation  shown 
in  Figure  1b,  and  its  spline  fit  shown  in  Figure  4c.  'I  his  is  a 
typical  situation  for  which,  once  a  human  operator  has  provided 
a  good  starting  point,  an  automated  process  can  be  invoked  to 
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refine  the  accuracy  of  the  result.  Here,  for  example,  we  use  a 
gradient-ascent  utility  developed  by  Leclerc  and  Fua  [1987'  to 
find  the  best  local  boundary  with  strong  edges  that  is  near  the 
initial  curve;  the  result  of  this  automated  refinement  operation 
is  shown  in  Figure  4d. 

4  PLANS  FOR  FUTURE  WORK 

The  current  implementation  of  this  system  has  many  capabil¬ 
ities  that  are  of  interest  for  manual  and  semiautornaled  digital 
cartography.  However,  much  remains  to  be  done  to  explore  and 
evaluate  the  effectiveness  of  the  techniques  that  might  be  used. 
Among  the  specific  efforts  that  we  plan  to  undertake  in  the  near 
future  arc  the  following; 

•  Provide  Symbolic  Access  to  Scene  Objects.  Any  car¬ 
tographic  object  can  be  viewed  either  as  a  geographical  en¬ 
tity,  with  a  display  mode  that  is  typically  registered  to  the 
image  in  which  it  appears,  or  as  a  symbolic  entity,  with 
relationships  to  other  features  in  the  cartographic  context. 
Objects  that  hre  composites  or  that  are  components  of  com¬ 
posite  objects  are  sometimes  best  manipulated  in  terms  of 
their  logic.a'  identity,  rather  than  their  geographic  one.  To 
me ’t  this-  need,  we  plan  to  develop  a  dual-mode  at'css  sys 
bin  tlini  allows  the  user  to  construct  symbolic  graphs  -orre- 
Kpond’nr,  ‘o  geographic,  feature  clusters,  to  display  syrnbilic 
cr..,'1,,  ,  .ifid  to  interact  with  such  graphs  in  a  way  that,  du 

1  t’<*  geographic  meaning  of  the  graph  nodes  simulta- 
neou  ly  with  the  semantic  moaning.  To  accomplish  this,  wo 
will  probably  incorporate  other  SRI  work  on  symbolic  carto¬ 
graphic  data  bases  and  graphical  knowledge  representation 
methods  into  our  cartographic  interpretation  capabilities. 

•  .Kxt'ojd  Scene  Simulation  Capabilities.  The  current 
system  supports  only  relatively  simple  rendering  and  su;- 
face  characteristics.  One  of  our  next  goals  will  be  to  add 
the  ability  to  use  digital  image  information  from  multiple 
inoiges  in  scene  simulations.  We  will  also  add  prestored 
k-.sture  models  for  certain  types  of  objects  so  that  we  can 
simulate  additional  details  of  objects  with  internal  struc¬ 
ture.  Finally,  we  plan  to  add  the  capability  of  storing  the 
characteristics  ot  features  that  are  significant  for  SAR,  im¬ 
age  simulation,  so  that  we  can  ultimately  generate  synthetic 
SAR  images  as  well  as  optical  images.  We  also  intend  to 
investigate  the  problem  of  xiniu!  king  scenes  at  times  of  day 
different  from  those  of  any  avaiia'i  le  source  image  This  is 
technically  very  difficult  to  do  com-  tly  when  texture  map¬ 
ping  from  real  images,  but  some  re-re  •  able  approximation 
techniques  might  be  found  that  would  <>e  re  ■  .  !  Upfi-!  for 
human  viewers. 

•  Support  Semi, automated  Feature  Extra-Mon.  One  of 
the  long-term  goals  of  the  system  is  to  provide  support  for  a 
wide  range  of  manual,  semiautornaled,  and  m  ...mated  car¬ 
tographic  compilation  procedures.  In  the  slum  term,  <>  "r 
first  goal  will  be  to  merge  some  current  SRI  v  ■  r{<  on  fea¬ 
ture  extraction  into  the  cartograpi  ic  modeling  ■sys res.  Ire 
example,  the  building  outlines  produced  by  the  mi.omated 
feature  extraction  system  of  Fua  and  Hanson  J1986,  1987j 
can  be  used  as  initial  building-top  outlines  in  the  modeling 
system;  with  such  a  starting  point,  it  is  straightforward  to 


determine  the  3-D  extent  of  the  building  using  the  shadow- 
driven  techniques  described  above. 

»  Exploration  of  User  Interface  Design.  Among  its  other 
capabilities,  the  system  we  have  developed  is  .deal  for  test¬ 
ing  out  the  concept  that  computer  displays  can  eventually 
replace  both  manual  photometric  compilation  and  the  use  of 
hardcopy  maps.  In  particular,  new  ideas  concerned  with  the 
use  of  digital  data  bases  for  the  end-user  assembly  and  soft- 
copy  viewing  of  cartographic  products  can  be  prototyped 
and  tested  in  this  environment.  Our  last  major  objective  is 
therefore  to  continue  to  explore  many  different  concepts  for 
the  user  interfaces  of  such  systems. 
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Figure  2:  (a)  An  image  containing  tall  buildings  with  distinct  shadows,  (b)  The  sun  ray  from  the 
building  corner  being  adjusted  to  the  ground,  (c)  The  building  model  viewed  against  its 
shadow  in  a  synthetic  image  taken  from  the  viewpoint  of  the  sun  itself,  (d)  Another  synthetic 
view  of  the  building  model,  this  time  rendered  into  the  scene  using  a  simple  Lambertian 
reflectance  model. 


Figure  3:  (a)  Right,  stereoscopic  view  of  terrain  containing  a  road,  (b)  Left  stereoscopic  view  of  terrain 
containing  a  road,  (c)  Right  view  of  the  stereographic  curve  constructed  to  follow  the  road, 
(d)  The  corresponding  left  view  of  the  curve. 


Figure  4.  (a)  An  image  containing  a  region  to  be  segmented  manually,  (b)  The  raw  set  of  straight 
line  segments  generated  during  the  manual  editing  of  the  curve  outlining  the  region,  (c) 
A  3-D  spline  fit  to  the  curve,  (d)  A  region  delineation  computed  using  a  gradient  ascent 
technique  to  find  the  best  boundary  with  a  strong  edge  that  is  near  to  the  manually-entered 
boundary. 
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ABSTRACT 

This  paper  begins  with  the  motivation  and  rationale  for 
the  design  of  the  Image  Understanding  Architecture  ( I U A ) ; 
a  massively  parallel  system  for  supporting  real-time  image 
understanding  tasks  and  research  in  computer  vision.  A 
small-scale  demonstration  prototype  of  the  IUA  is  currently 
being  constructed  by  the  University  of  Massachusetts  and 
Hughes  Research  Laboratories.  The  remainder  of  this  pa¬ 
per  presents  an  overview  of  the  IUA  and  some  details  of 
the  architecture.  We  conclude  with  a  brief  discussion  of  the 
IUA  operating  and  software  development  environments. 

1.  INTRODUCTION 

Machine  vision  is  one  of  the  most  computationally  in¬ 
tractable  domains  of  artificial  intelligence!  research.  It  re¬ 
quires  that  an  interpretation  of  a  changing  scene  be  updated 
with  ev«-ry  new  video  frhnivt  onc.«.  i  very  thirtieth  of  a  se  c¬ 
ond.  Each  video  frame  contains  three  quarters  of  a  million 
color-intensity  data  values  which  comprise  the  picture  ele¬ 
ments  (pixels)  of  the  image.  Performing  a  single  operation 
on  each  of  these  pixels  requires  executing  about  2.'i  million 
instructions  per  second  just  to  keep  up  with  the  input.  Of 
course,  the  computation  needed  to  perform  image  interpre¬ 
tation  is  much  more  than  one  operation  on  every  pixel  in 
an  image.  Some  researchers  believe  it  could  be  as  much  as 
6  or  7  orders  of  magnitude  more  computation. 

An  interpretation  is  a  high-level  description  of  the  en¬ 
vironment.  from  which  the  image  was  taken.  It  must,  be  in  a 
T*jl tju  Thai  in  mi  it  a  Me  to-  1*1  » tin  in  jr  such  flivprso  art.ivit.ios  as 
robot  arm  and  hand  motion,  obstacle  avoidance  by  a  vehi¬ 
cle,  or  aircraft  navigation.  Automatic  scene  interpretation 
requires  the  i  oust,  urtion  of  at  least  a  partial  description 
of  the  original  environment,  rather  than  a  description  of 
the  fTTiirgr  ftftr'H.  !4  twwkws  wly  DW-Jiug  fW-laro  fw- 
gions  in  an  image,  or  locating  a  single  object  in  the  viewed 


1  Current  address:  Department  of  Electrical  Engineer¬ 
ing  Tlrimdum  Hall  University  of  Pittsburgh  Pitts¬ 
burgh,  PA  15261 


scene,  but  often  requires  a  three  dimensional  model  of  the 
surroundings,  with  associated  identification  in  the  image  of 
the  2-dimensional  projections  of  these  li-dimensional  mod¬ 
els.  Figures  I  and  2  show  a  simple  example  of  an  interpre¬ 
tation  of  a  house  scene. 


Figure  1.  Raw  Image 


Interpretation  is  made  even  more  difficult  by  the  fact, 
that  the  image  data  is  inherently  ambiguous  and  incom¬ 
plete.  Let  us  consider  a  very  difficult  example,  a  window 
viewed  from  the  exterior  of  a  house,  in  order  to  make  our 
point.  One  must  expect  that  the  interior  might  be  visible; 
thfrmgh  a  pwtlwnol  tin?  mm*  her  jmitiu.ii  partially 

superimposed  on  the  first,  might,  reflect  part  of  the  out¬ 
door  scene,  and  might  contain  several  specular  roller t, ions; 
yet  another  part  of  the  Window  could  appeal  opaque,  fi¬ 
nally,  the  lower  portion  of  the  window  could  be  obscured 
Tty  shi  iibs.  This  UJUtnipfcl  is  a  wM+MwWf  <m  ^flljimiM 
bio  to  interpret  with  pattern  recognition  techniques,  be¬ 
cause  the  window  does  not  have  a  unique  pattern.  It  is 
a  collage  of  visual  patterns,  many  of  which  are  only  par 
lially  visible.  While  there  lias  been  a  little  su c c ess j Fat i go i' as 
and  Price,  1981)  in  applying  a  Bayesian  classification  viow- 
to  “'me  Pti*  I  mmyajltfrliw  ill  Uni  mill  tor  Vision  there 
are  many  difficulties  and  we  believe  standard  slat  ist  ii  a  I  ap- 
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Figure  za.  Fjxample  Image  Interpretation 


proaches  generally  suffer  from  insoluble  problems.  Classi¬ 
cal  pattern  recognition  techniques  are  not  powerful  enough 
by  themselves  to  produce  effective  classifications  in  the  do¬ 
mains  we  wish  to  consider. 


W  It ile  this  example  scene  might  be  beyond  the  current 
capabilities  of  computer  vision,  it  is  clear  that  correct  in- 
taTpTetiHriuli  of  the  Window  inia^c  noilltl  require  that.  we 
take  into  account  the  larger  context  of  the  overall  scene, 
and  knowledge  about  the  world  in  general.  Because  the 
ambiguous  data  is  part  of  a  house,  and  is  positioned  where 
a  window  might  appear,  it  might  be  possible  to  hypoth¬ 
esize  that  it  is  a  window.  Special  processes  may  then  be 
brought  to  hear  to  verify  this  hypothesis.  If  the  hypothe¬ 
sis  is  confirmed,  then  additional  knowledge  may  be  used  to 
fill  in  missing  data  and  use  weak  cues  to  infer  additional 
related  objects  consistent  with  this  context.  For  example, 
the  interpretation  may  state  that  the  lower  portion  of  the 
window,  although  obscured,  is  probably  rectangular. 


Thus,  we  are  inferring  the  presence  of  a  portion  of  the 
window  from  knowledge  about  houses  and  windows  in  gen¬ 
eral.  Inference  via  stored  knowledge  and  the  reduction  of 
ambiguity  from  "low-level'  image  analysis  are  a  part  ol 
what  is  referred  to  as  “high-level”  vision  processing.  With¬ 
out.  knowledge-based  processing  it  would  be  impossible  to 
interpret  large  portions  of  many  images.  The  approach  to 
know halgt*  b.wtwl  disk  n  that  feUewe  fr  derived  from  1,1  u  VI¬ 
SIONS  system  development  project  for  the  analysis  of  nat- 
nral  scptips  at.  the  University  of  M?}KsacJiii«pt,|,p  (I  I Mass), | 
Hanson  and  liiseman,  197'!,  1978b,  1986;  Parma  et  al., 
1980;  Reynolds  et  al.,  1 08-1 ;  Weymouth  1986|. 


For  high  level  interpretation,  the  principal  unit  of  in¬ 
formation  is  a  symbolic  description  of  an  object,  or  a  set 
rrf  tiuni'j'  ''ecu In  *.  ieJWwd  Iw  wi  twsjjp  fwit'unui  w 

symbolic  tokens,  extracted  from  the  image.  The  descrip¬ 
tion  includes  relationships  both  to  other  2  dimensional  (2D) 


Figure  2b.  Labeling  Key 


symbolic  tokens  extracted  from  the  sensory  data,  such  as 
lines,  regions,  and  surfaces  and  to  other  objects  in  the  3 
dimensional  scene  being  viewed,  ll  also  includes  pointers 
to  elements  of  general  knowledge  that  have  been  used  to 
support  the  interpretation  process.  At  this  level  the  rep¬ 
resentation  involves  semantic  concepts  of  “object-classes”, 
their  sub-classes,  their  “part-decomposition”  and  the  vari¬ 
ous  types  o’  relations  between  them. 


Knowledge-based  processing,  however,  can  only  take 
piece  after  a  certain  amount  of  low-level  processing  has  oc¬ 
curred.  Low  level  processing  principally  involves  classical 
image  processing  techniques  such  as  contrast  enhancement, 
and  computer  vision  techniques  of  segmentation  and  fea¬ 
ture  extraction,  edge  detection,  and  region  labeling.  At  the 
low  level,  the  principal  unit  or  information  that  is  being 
processed  is  the  pixel,  or  picture  element,  consisting  or  the 
color  or  intensity  values  of  the  image,  and  possibly  range 
data  Tor  the  visible  surface  element  associated  with  each 
pixel. 


There  is  no  simple  computational  transformation  that 
will  map  arrays  or  pixel  values  onto  the  stored  symbolic 
concepts  represented  in  the  high  level  knowledge  base.  It 
has  become  generally  accepted  ;IIanson  and  Riseman,  1980] 
that  many  levels  of  representation  (data  abstraction)  and 
many  stages  of  processing  must  take  place  to  reliably  in- 
tfrpMr  n  s«i».  Vfe-  wHl  tefcf  the  J  n  -,/,vsi  nfutitms 
between  the  low  and  high  level  data  structures  as  the  in¬ 
termediate  '■ep  resell  1^1 1  jim 


'File  intermediate  level  of  representation  bridges  t  he  gap 
between  the  low  and  high  levels.  At  the  intermediate  level 
the  basic  unit  of  information  is  a  description  of  an  image 
event  extracted  from  the  image  data,  and  referred  to  as  a 
•okett  Ei’+jjqdjig  joT  Mr  4twq  m 

tensity,  color  or  texture  regions;  and  surfaces.  Processing 
at,  the  intermediate  level  may  then  involve  grouping  these 
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token  events  into  more  complicated  structures  such  as  rect¬ 
angles,  planes,  or  sets  of  parallel  lines. 

The  intermediate  representation  is  treated  as  a  database 
by  the  high  level,  which  queries  it  in  order  to  form  initial 
hypotheses  about  the  content  of  the  image.  Following  this, 
ci^etrir' i-'kvi  dt  Jljlp*jlliMlt  U.d  ►  *jll»llo  »  ''lining  lij'- 
potheses  often  requires  the  high  level  to  initiate  further 
processing  in  the  low  and  intermediate  levels  in  order  to 
extract  additional  information  from  the  image. 

Image  interpretation  may  thus  be  characterized  as  in¬ 
volving  three  different  levels  of  processing,  each  with  its 
own  specific  class  of  information.  Additionally,  those  lev¬ 
els  must  be  able  to  interact  through  bottom-up  transfers  of 
information  (Figure  3)  and  top-down  control  of  processing. 
The  low,  intermediate,  and  high  levels  of  representation  and 
processing,  together  with  our  understanding  of  how  those 
levels  interact,  provides  the  basis  for  the  design  of  our  lin¬ 
age  Understanding  Architecture  (IUA)  presented  in  section 
3. 

2.  PARALLEL  ARCHITECTURES  FOR 
KNOWLELKiE-BASED  VISION 

The  motivation  for  building  a  “vision  machine”  or  im¬ 
age  understanding  architecture  stems  from  the  need  to  sup¬ 
port  a  set  o!  Luii.pItA  v/ornatiOus  on  tnSSsTVt  aniciTiTtls  vs 
data  at  high  speeds,  and  provide  an  environment  for  exper¬ 
imentation  that  justifies  the  enormous  expense  in  software 
that  is  necessary  to  build  a  vision  system.  In  this  section 
we  discuss  the  requirements  for  such  an  architecture  and 
review  some  possible  architectures  and  organizations. 


2.1  Architectural  Requirements  for  Vision 

Some  of  the  architectural  issues  to  be  addressed  for  vi¬ 
sion  come  directly  from  the  specific  requirements  of  the 
problem: 

*  Tkm  iWBKy  to  pihjcww  Loth  n  *1  'lyttiinjL  pLxiU 

*  A  fast  processing  rate  for  huge  amounts  of  sensory 
and  intermediate  level  data. 

*  The  ability  to  transform  an  image  into  a  set  of  mean¬ 
ingful  symbols  that  describe  it. 

*  The  ability  to  select  particular  subsets  of  data  for 
varying  types  of  processing. 

*  Feedback  mechanisms  that  allow  focusing  of  atten¬ 
tion  and  data-directed  processing,  without  having  to 
dump  the  image  to  some  “host”  for  external  evalua¬ 
tion. 

Beyond  these  requirements,  two  significant  architec¬ 
tural  implications  can  be  derived  from  an  understanding 
of  our  approach  to  the  corn  liter  vision  problem- 

*  Multiple  levels  of  representation  and  stages  of  pro¬ 
cessing  are  essential  and  require  very  different  types 

of  processing  ,  jpnM'lU* 

*  Fine  grained  and  high  speed  communication  and  con¬ 
trol  is  required  both  among  the  processes  at  each  level 
and  between  the  different  processing  levels. 

We  first  discuss  the  computational  requirements  needed 
at  dilieieut  pn  cessing  levels  ami  then  ilioVe  on  to  ilist .nss 
the  the  communication  and  control  issues  involved  in  vision 
processing. 


Communications  and  Control  Across  Multiple  Levels  of  Representation 


Higli  Level  -  Schema  -  Symbolic  Descriptions  of  Objects  -  Control  Strategies 
Inference  <  >  Propagation  of  Hypotheses 

Focus  of  Attention:  .  ..  Object  Matching  and  Inference: 


Rule-Based  Object,  Hypothesis 
Information  Fusion 


Grouping,  Splitting,  Adding  &:  Deleting 
Regions,  Lines  and  Surfaces 


Intermediate  Level  -  Symbolic  Description  of  Regions,  Lines,  Surfaces 
Perceptual  Organization  <r  >  Grouping 


Segmental, ion: 
Feature  Extraction 


Goal-Oriented  Re-segmentation: 
Additional  Features,  Finer  Resolution 


Low-Level  -  Ibxels  -  Arrays  of  Intensity,  RGB,  Depth 
Stereo  <  >  Motion 


Figure  3.  UMass  VISION'S  Image  Interpretation  System 


2.2  Processing  Characteristics  for  Multi-Level 
Architectures 


We  have  mapped  the  three  levels  of  abstraction  dis¬ 
cussed  above  into  three  levels  of  architectural  requirements 
with  each  level  having  the  appropriate  architecture  for  the 
set  of  tasks  at  that  level.  The  simplest  level  is  the  low  level 
where  uniform  cop-mutation  it  H|LjjJ!li"j!  *t  hr  ill  pidlil*.  ^illr 
at  each  pixel,  across  the  image.  At  the  low  level  we  need 
to  perform  operations  such  as  smoothing,  edge  detection, 
region  “p^mrulati  n,  feature  extraction,  ai d  feature  atch 
ing  between  frames  in  motion  and  stereo  processing.  Here, 
each  pixel  or  a  neighborhood  around  each  pixel,  must  be 
processed  and  there  are  large  amounts  o.f  local  processing 
to  be-  apjjfttJ  hi  8KVH>  fwahio...  SWflie  of  thtst  op  rrAtrom 
may  also  require  processing  over  larger  image  distances. 


In  addition  to  high-speed  low  level  operations,  we  need 
to  be  able  to  quickly  load  the  data  and  to  test  the  results 
S  pTlM  j/coctssin g  To  )Msthrn  w wW+pfe  •  srtktis  df 
low  level  operations  under  control  of  higher  level  processes 
requires  fast,  concise  feedback  from  the  low  level  processes 
to  the  intermediate  and  high  level  processes  as  well  as  data- 
dependent  control  of  the  low  level  processes  by  the  higher 


At  the  intermediate  level  our  concerns  are  for  the  sym¬ 
bolic  tokens  associated  with  extracted  image  events.  The 
ijy«  or  LfptrtnlruuE  needed  at  tTrrs  bml  am  partitioning 
arid  merging,  which  transform  these  tokens  into  more  useful 
structures  in  conjunction  with  high  level  hypotheses  about 
the  possible  interpretations  of  events  in  the  image. 


The  intermediate  level  also  requires  specialized  proces¬ 
sors.  Consider  the  large  numbers  of  line  and  region  frag¬ 
ments  that  can  Ire  generated  by  even  the  most  effective 
low  level  algorithms.  To  perform  grouping  operations  (e.g., 
merging  and  splitting  of  regions,  or  linking  and  reorganiz¬ 
ing  lines)  we  need  a  large  amount  of  “less  local"  commu¬ 
nications.  We  need  to  match  fragments  of  lines  and  merge 
them  across  large  fractions  of  the  image.  Similarly,  regions 
need  to  be  merged  and  compared  with  others  from  possibly 
noil-contiguous  areas. 


This  data  reduction  through  abstraction  process  is  t.he 
key  to  intermediate  level  processing.  For  it  to  be  done 
quickly  requires  architectural  support  for  both  inter-level 
and  intra-level  communication  as  well  as  a  flexible  data 
manipulation  repertoire  of  instructions  T’fo's,  the  inter¬ 
mediate  level  must  operate  as  a  server  for  the  queries  made 
by  the  higher  level  processes,  support  data  reduction  pro¬ 
cesses,  and  provide  control  and  evaluation  mechanisms  for 
the  lower  level  processes. 


At  the  high  level  we  are  concerned  with  semantic  pro¬ 
cessing  involving  mechanisms  for  focus  of  attention,  the  for¬ 
mation  and  verification  of  object  hypotheses,  and  knowledge 
based  inference  using  complex  control  strategies  from  mul¬ 
tiple  knowledge  sources.  This  type  of  processing  involves 
extensive  symbolic  computation. 


High  level  operations  generate  and  test  hypotheses  based 
on  available  data  provided  by  the  low  and  intermediate  lev¬ 
els  of  processing  and  request  new  data  to  be  abstracted  from 
the  image  if  needed.  Many  hypotheses,  each  dependent  on 
the  results  of  applying  constraint  rules,  need  to  be  run, 
tried,  and  discarded  before  a  consistent,  set  can  converge 
The  computational  and  communication  needs  of  these  pro- 
rru%ri  ihttulfl'  lu*  ;*r<,ukk>J  Lji  Ufoi*  M  wWeb 

form  the  third  tier  of  processing  power  needed  to  solve  the 
image  understanding  problem. 


2.3  Communication  Between  Processing  Levels 


C  ^nira.1  fo  VYSlvyli  pil'l  .aaiiij^  i.  the  bi-d  I  '  l.L  1 1  w  1 1  al  HOvV  uf 

communication  and  control  up  and  down  through  all  rep¬ 
resentation  and  processing  levels.  These  two  capabilities 
allow  ns  Vo  pill, in i'i  r.-iuHipVi  nnagi  operations,  evaluate 
results  of  that  processing,  and  re-compute  with  different 
ps nurwder*  on  c'ilrwrit  pwMte  *4  Mw  hnfrgr.  Tlvts  mini  be 
done  in  tenths  of  milliseconds  in  order  for  different  inter¬ 
pretation  strategies  to  he  tried  dynamically  within  a  single 
frame  time. 


In  the  upward  direction,  the  communication  consists 
of  image  abstraction  and  segmentation  results  from  multi¬ 
ple  algoi  i tb Ins,  and  possibly  from  multiple  sensory  sources. 
It  also  involves  he  communication  of  a  set  of  attributes  or 
t'Rch  sxiftwwd  titragfr  evtnl  Wbtsl:  ruf  in  a  sy i i iLoHt  fqite^ 
scnlation.  in  addition,  summary  information  and  statistics 
allow  processes  at  the  higher  levels  to  evaluate  the  success 
of  lower  level  operations.  In  the  downward  direction  the 
communication  consists  of  knowledge  directed  processing 
and  grouping  operations,  commands  for  selecting  subsets 
of  the  image  for  specifying  further  processing  in  particular 
portions  of  the  image,  modification  of  parameters  of  lower 
level  processes,  and  requests  for  additional  information  in 
terms  of  the  intermediate  representation. 


Communications  between  levels  may  take  four  possible 
forms:  One-to-one,  onc-to-many,  many-to-one,  and  many- 
to-many.  The  first  form  involves  one  process  at  a  given  level 
communicating  directly  with  another  process  at  a  higher 
or  lower  level.  The  second  form  is  typically  a  process  that 
broadcasts  information  to  many  lower  level  processes.  The 
third  form  represents  a  collected  feedback  mechanism  in 
which  information  from  many  lower  level  processes  is  com¬ 
bined  and  a  result  is  passed  to  a  single  higher  level  process. 
Tile  last  form  involve*  Ike  Uwtwofosfott  infor¬ 

mation  between  many  processes  at  different  levels.  The 
associative  processing  paradigm,  which  will  be  presented 
next,  provides  for  the  first  three  of  these  communications 
mechanisms.  The  remaining  mechanism  will  lie  discussed 
at  tite  end  of  this  section. 


2.3.1  Associative  Communications  and  Control 


Based  on  our  experience  with  highly  parallel 
algorithms,  [Levitan,  1986]  we  believe  that  the  best  way 
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to  meet  the  requirements  of  high  speed,  fine  grained  com¬ 
munications  and  control  is  with  associative  processing  tech¬ 
niques.  There  are  three  processing  capabilities  that  are  key 
to  associative  computation: 

*  Global  Broadcast/], oral  Compare 

1  Some/ None  Response 
Count,  Responders 

Associative  pmccvr.mg  can  Iwr.t  (h:  uuderrlood  In;  an 
example  of  a  single  controller  (a  teacher)  interacting  with 
an  associative  array  (a  class  of  students)  [Foster,  I97fib[. 
If  the  t.eaclier  needs  to  know  if  any  student  in  a  class  has 
a  ropy  of  a  particular  book  the  teacher  ran  simply  state, 
“If  you  have  t  he  book,  raise  your  hand.”  The  students  each 
inake  a  check,  in  parallel,  and  respond  appropriately.  This 
I  ,  k  i*fO**J*BMl  q^at'icw  of  *  rpntfrtlW  *i  « 
a  local  comparison  operation  at  each  pixel  in  an  array,  to 
check  for  a  particular  value.  Both  operations  assume  that 
the  local  pi occssols  have  some  “m  1. .ijligem  i  to  prffwTtM  the 
comparison. 

Query  and  response  is  just  the  first  part  of  associative 
processing.  We  have  only  described  a  content  addressable 
(“If  your  hand  is  up,  I’m  talking  to  you.”)  scheme.  To 
perform  associative  processing,  we  must  be  able  to  condi¬ 
tionally  generate  tags  based  on  the  value  of  data  and  use 
those  tags  for  fllrtTier  processing.  Aii  example  of  this  knrd 
of  association  would  be,  “If  the  intensity  of  the  red,  green 
and  blue  values  are  each  in  a  certain  range,  label  yourself 
I’OSSIBLE-SKY”;  certainly  not  a  robust  technique,  but  a 
colorful  example.  The  interesting  processing  comes  when 
the  controller  starts  performing  multiple  logical  operations 
uii  tags.  Since  ea.h  pixel  (or  region)  tuuW  have  multiple 
tags  base  on  properties  of  the  data  as  well  as  things  likespa- 
i(vi  etHW  i'i'  rttiifd  pu'rf'iru  operations  like:  if  you 

are  NOT-TREE  and  NOT-ROOF  and  (I’OSSIBLE-SKY  or 
POSSIBLE-ChOUD)  and  IN-TOI’-OF-IM AGE  then  label 
yourself  LIK ELY-SK Y.  As  processing  continues  only  sub¬ 
sets  of  the  |)ixels  are  involved  in  any  particular  operation. 
We  are  selectively  processing  pieces  of  the  image  based  on 
their  properties,  but  we  are  operating  on  all  pixels  with  a 
given  set  of  properties,  in  parallel. 

The  ability  to  associate  tags  with  values  is  half  the  bat¬ 
tle  for  high  speed  control.  We  also  need  to  get  responses 
back  from  the  array  quickly.  Forcing  the  teacher  to  ask 
each  student  if  they  have  their  hand  up  defeats  the  pro¬ 
cess.  The  teacher  ran  see  immediately  if  any  of  the  students 
have  their  hands  up,  and  can  quickly  count  how  many  do. 

ft  SoVtW-f (VtUMlWl/  rtanNiyuillcc  ISnme,  None|  wire 
running  though  the  pixel  array  allows  the  controller  to  im¬ 
mediately  determine  properties  about  the  data  in  the  array, 
and  therefore  the  state  of  processing  in  the  array  without 
looking  sequentially  at.  the  data  values  themselves. 

Additionally,  last  hardware  to  perform  a  count  ol  the 
responders  allows  the  controller  to  see  summary  informa- 
tfon  ahmiT.  l-hff  TtTt*  of  f.W  w  <fw-Wrfty  Vir  cent  m-ii" 
programs  that  ran  eondilionally  perform  operations  based 


on  the  state  of  the  computation.  By  using  the  properties 
of  the  radix  representation  of  numeric  values  in  the  array 
wc  can  use  the  counting  hardware  to  sum  the  values  in 
the  array.  The  ability  to  sum  values  gives  us  I  he  power  to 
compute  statistical  measures  such  as  mean  and  variance. 

These  examples  of  students  and  pixels  illnslrale  the 
power  of  associative  processing.  We  use  associative  pro¬ 
cessing  as  our  paradigm  of  communications  in  I  lie  upwa  ds 
direction  alid  contlol  in  the  ilmvnwdnh  dilution  l„tun  n 
each  pair  of  levels  in  the  hierarchy.  We  broadcast  criteria 
for  selecting  pixels,  or  regions,  or  symbolic  tokens  for  si 
lective  processing.  In  this  way  higher  levels  control  lowi 
levels.  We  test  and/or  count  the  responsi  that  come  ale 
processing  data  to  allow  conditional  brain  liing  lor  the  next 
step  of  processing  in  a  given  algorithm,  flm  the  lower 
leueN  -mviili*  fee, I  ,;id  In  lUgl.ll’1  r»M  s 

The  associative  select,  operation  also  provides  one  mech¬ 
anism  for  transferring  non-summary  information  from  a 

h i we i  to  a  higher  level  ill  the  vismlt  pi oi  essi ng  h ici  at ( h  \ . 
Tile  higher  level  may  select  a  single  value  in  a  lower  level 
and  re~d  it  out.  'Phis  transfer  of  information  is  one-to- 
one:  a  single  value  at  a  lower  level  is  copied  to  a  higher 
level. 


2.3.2  Parallel  Dat.a  Transfer  Between  Levels 

Associative  select,  is  useful  when  a  small  number  of  data 
values  must,  be  copied  to  a  higher  level.  When  a  large  mini 
fed  cf  values  must  In.  ttamlerwd  httwvtn  Verb,  a  many 
to-many  data  path  between  adjacent,  levels  is  more  appro¬ 
priate  A  simple  example  is  a  data  path  that  connects 
spatially  collocated  processors  in  adjacent  pairs  of  levels. 
These  processors  may  then  perform  inter-level  transfers  in 
parallel. 

The  many-to-many  communications  mechanism  permits 
the  use  of  a  programming  paradigm  in  which  each  level  is 
used  to  transform  a  lower  level  representation  into  a  higher 
level  representation.  All  or  i  wt.  of  this  new  representation 
may  then  he  extracted  Ivy  the  mxt  higher  h'vrl  oV  y.nv.  esv 
ing.  Each  level  may  then  treat  the'  level  below  it  as  an 
associative  data  base. 

If  the  many-to-many  communications  mechanism  also 
permits  the  passing  of  control  information  from  higher  to 
lower  levels,  then  the  granularity  of  control  can  lie  made  to 
vary.  This  would  allow,  for  example,  initial  prom  sing  to 
take  place  in  a  coarse-grained  control  mode.  (SIMI))  and 
later  processing  to  take  place  in  a  line-grained  cent  ml  mode 
(Multi-SIM  I),  or  MIMD)  The  former  is  useful  [or  general 
lug  initial  hypeAhwn  .'.hunt  an  image  whib  tV  I  .Urr  it, 
better  suited  to  reaving  multiple  local  <c  dirts  between 
those  hvipotheses.  and  to  filling  in  details  of  :,<•  ite[f, rela¬ 
tions. 
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The  three  levels  of  the  IUA  would  at,  first  appear  to 
constitute  a  multi-  resolution  pyramid  architecture,]  Uhr, 
1972;  Tanimoto,  1983;  Hanson  and  Riseman,  1980j.  While 
it  is  possible  to  use  the  1UA  to  implement  algorithms  for 
a  mu ftr- resolution  pyirfuiu!,  thm  is  n  >t  the  ■  Ftt  w-hrth 
it  is  envisioned.  Rather,  the  IUA  implements  a  hierar¬ 
chy  of  abstraction  which  corresponds  to  the  three  levels  of 
abstraction  (representation  and  processing)  in  the  UMass 
VISIONS  system. 

Architecturally,  it  is  easy  to  distinguish  the  ditlerences 
between  the  IUA  and  a  pyramid  processor.  In  a  multi- 
ie&olution  pyramid,  each  higher  layer  in  a  power  of  two 
narrower  than  the  layer  below  it,  and  all  of  the  process¬ 
ing  elements  in  the  pyramid  are  identical,  with  each  layer 
being  treated  as  a  SI VI D  parallel  processor.  In  the  UJA, 
however,  the  layer  widths  are.  512,  fid,  and  8  forming  a 
sparse  pyramid.  Most  importantly  the  processing  elements 
in  the  IUA  differ  greatly  from  layer  to  layer.  In  each  layer 
of  the  IUA  the  processing  elements  are  tuned  to  the  specific 
class  of  laoXo  .equued  bj  that  I  aitiCTihir  level  of  abstffir 
tion.  For  example,  it  is  inappropriate  to  try  to  run  LISP 
in  parallel  at  the  lowest  level,  because  the  low  level  is  pri¬ 
marily  concerned  with  fast  pixel  operations  that  will  build 
an  intermediate  level  symbolic  representation.  Thus,  the 
low  level  processors  are  tuned  for  real-time  image  process¬ 
ing  operations.  At  the  highest  level,  on  the  other  hand, 
symbolic  AI  processing  will  be  the  main  objective,  so  the 
high  level  processors  are  tuned  to  run  LISP  code  efficiently. 
This  leads  to  a  significant  physical  difference  between  the 
Piiihi=resuIiittoii  py rai.iiJ  arpl  lU.ti  wherein  fit*1 

of  circuitry  in  a  pyramid  decreases  by  a  factor  of  four  with 
each  higher  layer,  the.  amount  of  circuitry  in  each  layer  of 
the  IUA  is  roughly  constant. 

Another  important  difference  between  a  multi-resolution 
pyramid  and  the  IUA  is  that  at  the  high  level,  the  IUA  is 
purely  an  MTMD  parallel  processor.  Additionally,  the  inter¬ 
mediate  ami  low  kve.lr,  :.f  H.<*  IUA  »,  *y  He  treated  ir  a  vari¬ 
ety  of  modes.  These  include  the  CAAI'P  operating  in  pure 
SIMI)  or  Multi-SIMD  mode,  and  the  ICAP  operating  in 
sy nchronous-M IM 1 )  or  pure  MIMD  mode.  In  Multi-SIMD 
mode,  the  CAAPP  cells  excute  in  disjoint  SIMI)  groups, 
with  each  group  receiving  a  different,  instruction  stream. 
In  synchronous-MIMI)  mode,  the  programming  paradigm 

fe  mot*  IWte-STMU:  til*  *£'  VP  ;u  *»m»,  wcjwruU-  sisniW  in¬ 
struction  streams,  and  globally  synchronize  for  each  stage 
of  processing.  Synchronous-MIMI)  lias  the  advantage  of 
being  as  simple  to  program  as  a  SIMI)  system  but  without 
the  time  penalty  of  having  to  scqiiontializo  on  branching 
structures.  The  various  modes  of  parallelism  in  the  IUA 
=  re  provided  to  allow  multiple  hypotheses  from  the  SPA  to 
be  evaluated  in  parallel  at  t. lie  lower  levels. 

3.2  The  Throe  Processing  Levels 

Tire  GAAH*  is  a  M2  *  5tJ  gfidwrntf  *T  +  Wf 

serial  processors  intended  to  perform  low-level  image  pro¬ 


cessing  tasks.  It  is  similar  to  the  NASA/Goddard  MPP 
j Batcher,  1980]  but,  with  an  architecture  that  is  especially 
oriented  towards  associative  processing  with  global  sum¬ 
mary  feedback  mechanisms.  This  reflects  the  difference  in 
(  til' » i '  ri  '•  ir  in  i  i'  "I  pmcessing  stratehi'  for  these  two 
machines.  For  example,  a  typical  operation  on  the  MPP 
involves  enhancement,  of  a  large  satellite  image,  where  the 
results  ot  the  enhancement  are  presented  to  a  Truman  op¬ 
erator  who  then  derides  what  further  processing  will  be 
required.  The  goal  of  our  work,  on  the  ot  her  hand,  is  aut.o- 
m ail’d  real- 1, mie  vision  wil/boox  fv.yi I u.Ti  iT,“  1  vci’twyli ,  tvIictt 
all  of  the  processing  and  interpretation  must  be  done  by 
the  system  iiseff.  Ttels,  the  CAAI’P  has  been  tailored 
to  permit  flexible  control,  and  to  provide  feedback  to  the 
controlling  processes  so  that  they  may  exercise  control  in 
response  to  actual  image  properties. 

The  intermediate  level  is  implemented  by  the  Interme¬ 
diate  and  Communications  Associative  Processor  (ICAP). 
The  ICAP  is  also  a  square  grid  associative  array,  of  more 

p.iwrrfnl  +'Wmu1p;  Uw  1C  M’  »  ft  W  l*y  94  aHr-sj 

of  16-bit  processors.  Each  ICAP  cell  is  associated  with  an 
8  by  8  tile  of  CAAPP  cells,  to  which  it  has  access. 

The  ICAP  is  designed  to  manipulate  the  tokens  in  the 
Intermediate  Symbolic  Representation  and  to  art,  as  a  data 
base  for  queries  by  processing  elements  in  the  SPA.  For  ex¬ 
ample,  a  house-roof  schema  in  the  high  level  may  direct  the 
ICAP  to  group  together  long,  straight,  parallel  lines.  The 
schema  may  then  direct  the  [CAP  to  extract  parallelograms 
that  are  candidate  roof  outlines. 

A  typical  ICAP  level  symbolic  representation  of  a  line 
would  consist  of  a  unique  label  for  the  line  and  a  set  of  lields 
which  quantify  its  attributes.  Snell  attributes  may  include 
end  points,  orientation,  contour  length,  relative  curvature, 
direction  of  curvature,  average  contrast  across  the  line,  la¬ 
bels  of  adjacent  regions,  nearby  endpoints,  and  pointers  to 
nearby  or  related  lines.  Clearly,  while  the  bit-serial  pro¬ 
cessors  oi  the  CAATT'  are  well  sailed  Tor  developing  this 
representation,  they  will  be  inappropriate  for  manipulating 
it.  Thus,  the  CAAPP  is  used  to  develop  the  intermediate 
symbolic  representation,  which  is  then  passed  to  the  ICAP 
for  further  processing.  Should  the  need  arise,  the  results 
of  re-segmentation  in  the  CAAPP  can  be  integrated  with 
the  representation  in  the  ICAP.  To  facilitate  this  processing 
capability,  the  ICAI  represent  avion  is  kepi,  in  approximate 
registration  with  the  original  image  events  in  the  CAAPP. 

The  SPA  processors  are  powerful,  general  purpose  mi¬ 
croprocessors  intended  for  performing  high-level  symbolic 
operations,  and  for  cont  rolling  sub-array  processing  in  the 
ICAP  and  CAAPP  arrays.  To  the  SPA,  the  lower  levels 
appear  as  an  intelligent  database  that,  is  part  of  a  shared 
global  mermny.  The  shared  mt  mtiTy  iVmwipb".i  the  Fd’A 
processes  from  the  locality  of  information  in  the  image.  An 
SPA  process  simply  makes  a  request,  to  the  database  and 
then  waits  Tor  completion  of  (lie  request,  before  accessing 
the  database  to  get  the  results. 
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The  SPA  processors  will  run  a  LISP-based  blackboard 
system  in  which  various  schemas  will  cooperate  and  rom- 
*n  Hie  g,'.tK  r.VHnn  cold  v  i  ifil  atioil  of  hypotheses  about 
the  content  of  the  image  and  its  relationship  to  models  of 
the  environment.  From  the  point  of  view  of  the  black¬ 
board  system, the  CAAPP  and  ICAP  will  appear  as  knowl¬ 
edge  sources  at  different  levels  of  abstraction.  The  various 
sthemas  in  the  system  will  activate  different  processes  in 
the  (,'AAI’P  and  ICAP  for  either  the  full  array  or  indepen¬ 
dent  sub-arrays. 

The  IUA  is  conceived  as  a  stand-alone  image  interpre¬ 
tation  system.  Although  a  host  processor  is  attached  to  the 
global  controller  for  the  IUA,  the  host  is  intended  to  serve 
the  IUA  rather  than  the  other  way  around.  The  IUA  host 
will  provide  a  software  development  environment,  and  an 
rvcf'crrs  pol  lit,  for  risers  of  ITc  HI  A.  The  frost,  may  be  used 
for  examining  the  results  of  processing  on  the  IUA,  or  for 
monitoring  processes  in  the  IUA.  However,  the  host  system 
does  not  lake  part  in  the  actual  image  interpretation  pro¬ 
cess.  The  dedicated  global  controller,  which  is  an  integral 
i-.nt  of  trie  iUA  system,  is  responsible  for  managing  the 
CAAPP  and  ICAP  arrays  in  cooperation  with  the  SPA. 

3.3  Architecture  Details 

3.3.1  The  CAAPP:  Low  Level  Processing 

T'.m-  UiV  I  l’P>  vmimto  n  hy  5<2  array  of fcfc -burial 
processing  elements  that  are  linked  through  a  four  way 
(R,H,W,N)  communications  grid  that  is  augmented  with  a 
proprietary  circuit  to  allow  certain  types  ol  long  distance 
communication  to  lake  place  (piickly.  Each  processor  will 
m  S  onr  btt  registers  {A,  H,  V, 

Z),  an  ALU  and  data  routing  circuitry.  Each  element  also 
has  access  to  a  32K-bit  backing  store  memory  that,  is  dual- 
ported  with  the  ICAP.  Those  processing  elements  are  very 
simple,  but,  it,  is  this  simplicity  that,  allows  us  to  place  61  of 
t  hem  on  a  single  integrated  circuit,;  a  density  of  processing 
ehTTrents  that  is  a  prerequisite  for  constructing  a  machine 
with  this  many  processors.  It  is  this  simplicity  that  also 
permits  the  CAAPP  to  execute  instructions  with  a  cycle 
time  of  100  nanoseconds.  The  initial  development  of  this 
design  is  decribed  in  great  detail  in  |Weems  l!)81a|.  Much 
work  has  gone  into  improvements  to  the  CAAPP  processing 
element  since  that  time  j Weems,  1081b,  1 085 j . 

The  key  to  integrating  the  CAAPP  into  the  IUA  is 
its  combination  of  associative  feedback  and  control  mecha¬ 
nisms.  The  principle  feedback  mechanism  in  the  CAAPP  is 
t he  array-w ide  logical  Ol?  output,  called  Some/None,  which 
indicates  whether  any  CAAPP  cells  are  in  a  given  state.  At 
the  end  of  each  instruction  cycle  the  logical  OR  of  the  re¬ 
sponse  bit  from  every  processing  element,  is  automatically 
available  at  two  different,  levels.  The  global  controller  re¬ 
ceives  this  signal  for  the  full  array,  while  the  ICAP  proces¬ 
sors  receive  the  Rome/None  indication  for  only  the  portion 
of  the  CAAPP  array  associated  with  them. 


A  count,  of  all  responding  cells  is  also  available  at  tin' 
global  controller  and  ICAP  level.  The  counting  operation  is 

' I  ,  f  l  girth  i  .tie list. k"s  about,  ail  image  and  ibe  lesniis  oi 

processing.  For  example,  through  counting  we  may  quickly 
determine  the  mean  and  standard  deviation  of  an  attribute 
for  a  given  set,  of  regions.  The  corresponding  sub-array 
counts  are  available  at  the  ICAP  at.  the  end  of  each  CAAPP 
insti  in  t.ion  cycle.  The  global  controller  develops  the  lull 
count  through  a  polling  mechanism  that,  takes  16  CAAPP 
instruction  times  to  complete.  However,  the  polling  opera¬ 
tion  is  independent  of  processing  in  the  CAAPP  cells  and 
so  the  CAAPP  may  continue  to  operate  while  a  count  is 
being  formed. 

The  Select  First  operation  is  used  to  isolate  a  single 
CAAPP  cell  for  readout  or  processing  bv  the  global  eon- 
tTotli t,  S P A ,  or  HhAP  pro i css< ns .  The  pi rma ry  purpose  is 
to  select  single  identified  cells  as  representatives  of  groups 
(regions  or  segments)  which  ran  then  be  used  to  store  facts 
about  all  cells  in  that  group.  For  instance  one  cell  in  a 
region  might  keep  the  average  color  intensity  and  variance 
foT  Hi,  film  legion.  As  ueiessary,  the  data  in  these  cells 
can  be  moved  up  to  the  ICAP  level. 

'file  principle  mechanism  for  transferring  data  between 
the  CAAPP  and  ICAP  is  a  shared  memory  structure.  Be¬ 
sides  the  normal  program  and  data  memory,  the  ICAP  has  a 
256 K  byte  block  of  memory  that  is  shared  with  the  CAAPP. 
Tlrip  ‘"Min  irU  »1  I  *1K  I*  hj  w  hit  fot 

the  on-chip  CAAPP  memory  and  is  the  primary  commu¬ 
nications  path  between  CAAPP  and  ICAP.  Swapping  to 
and  from  the  backing  store  is  done  through  dual-porting  ot 
a  portion  of  the  on-chip  CAAPP  memory.  Although  ar- 

L  -Uw  df  chip  nn  iu.rry  vs  ftbon-f  fw  times  sWr  r  fbr 
the  CAAPP  than  access  to  the  on-chip  memory,  the  dual- 
porting  arrangement,  permits  double-buffered  swapping  to 
take  place  while  the  CAAPP  is  processing  data  in  other 
memory  segments. 

In  the  event  that  large  amounts  of  CAAPP  data  must 
be  moved  up  to  the  SPA  or  controller,  I, he  data  will  first 
be  transferred  in  parallel  to  the  ICAP  processors  which  are 
also  linked  to  the  SPA  processors  through  a  dual  ported 
common  memory. 

'I’he  current  design  of  the  CAAPP  processing  elements 
lias  been  achieved  through  four  iterations  of  reduced  in¬ 
struction  set  analysis  and  redesign  of  the  processing  element, 
architecture, [Weems,  1 985} .  The  result,  is  a  design  that  is 
60  percent,  faster  than  the  original  architecture,  with  an 
overall  decrease  in  the  device  count  for  the  processors  and 
control  circuitry,  Figure  5  shows  the  CAAPP  cell  archi¬ 
tecture,  and  figure  6  presents  the  instruction  set,  for  the 
CAAPP. 

We  are  currently  preparing  a  CMOS  implementation  of 
the  CAAPP  chip  design  with  the  cooperation  of  Hughes 
Research  Laboratories.  The  61  processing  element  chip 


Figure  5.  CAAPP  Cell  Architecture 


is  estimated  to  contain  approximately  60,000  devices,  of 
which  80  percent  are  in  the  on-chip  memory.  This  is  roughly 
the  same  number  of  devices  found  in  16-bit  microprocessor 
chips,  but  is  much  simpler  to  design  and  implement  because 
of  the  repetitive  nature  of  the  parallel  processor  cell  design. 
It  is  essential  that  the  primary  working  data  memory  be 
on  the  same  chip  as  the  processing  elements,  in  order  to 
maximize  access  speed,  and  to  keep  the  number  of  pins  on 
the  chip  within  reasonable  limits. 

The  CAAPP  algorithm  in  figure  7  demonstrates  how 
the  CAAPP  is  programmed,  and  the  importance  of  rapid 
feedback  from  the  CAAPP  to  its  controller.  This  algorithm 
selects  all  cells  that  contain  the  maximum  value  in  a  given 
Held.  In  addition,  the  maximum  value  is  available  in  the 
controller  at  the  end  of  this  operation.  Selecting  maximum 
values  requires  three  CAAPP  instruction  cycles  for  each  bit 
in  the  field. 

The  algorithm  begins  by  loading  the  high  order  bit  of  a 
field  into  the  response  register  of  all  active  cells.  The  global 
controller  then  tests  the  Some/None  output  of  the  array.  If 
any  cells  have  their  high  order  hit  set,  then  they  are  can¬ 
didates  for  the  maximum  value.  Any  cells  that  have  a  zero 
in  their  high  order  bit  are  then  deactivated.  However,  if  no 


cells  have  their  high  order  bit  set,  then  none  are  deactivated 
because  they  are  all  still  potential  candidates.  This  process 
repeats  with  each  successively  lower  order  bit  in  the  field. 
When  the  low  order  bit  has  been  processed,  only  those  cells 
which  contain  the  maximum  value  will  remain  active.  For 
each  iteration,  the  controller  saves  the  Some/None  response 
so  that  the  maximum  value  is  available  in  the  controller  at 
the  conclusion  of  processing. 

3.3.2  The  ICAP:  Intermediate  Level  Processing 

The  ICAP  is  also  a  square  grid  array  processor,  and  is 
intended  to  perform  intermediate  level  processing  on  image 
events  that  arc  in  physical  registration  with  the  pixel  data. 
Each  ICAP  processing  element  is  associated  with  an  8  by 
8  tile  of  processors  in  the  CAAPP  array.  An  ICAP  pro¬ 
cessor  lias  access  to  data  stored  in  any  of  the  6d  CAAPP 
processors  it  is  associated  with.  Each  ICAP  processor  also 
has  access  to  the  global  summary  information  for  those  61 
processors. 

There  are  two  reasons  for  choosing  61  as  the  number 
of  CAAPP  processors  to  associate  with  each  ICAP  proces¬ 
sor.  First,  it  is  convenient  to  associate  one  ICAP  with  each 
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FOR  Bit  Nurn  :  Field  Length  -  I  DOWNTO  0  DO 
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IF  Some 
THEN 
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Figure  7.  Finding  a  Maximum 


CAAPP  integrated  circuit,  since  this  greatly  simplifies  the 
interface  between  the  two  levels.  Second,  with  a  512  by  512 
array  at  the  bottom  and  three  processing  levels  plus  a  single 
controller  at  the  top,  a  uniform  inter-level  connectivity  is 
provided  by  a  64  to  1  reduction  factor  between  each  of  the 
levels.  Finally,  given  the  processing  needs  and  increased 
power  of  the  processing  elements  at  each  level,  we  roughly 
estimate  64  as  a  viable  scale  reduction  between  each  pair 
of  levels. 

Control  of  the  ICAP  is  provided  by  the  global  controller 
(in  Synchronous-MIMD  mode)  and  by  the  SPA  (in  MIMD 
mode).  Once  an  intermediate  symbolic  representation  has 
been  passed  to  the  ICAP,  and  initial  grouping  operations 
have  taken  place,  each  of  the  SPA  processors  may  then 
query  the  ICAP  in  parallel  to  establish  and  verify  hypothe¬ 
ses.  The  ICAP  provides  four  different  global  OR  responses 
and  a  global  summation  value  as  feedback  to  the  global 
controller. 


Each  of  the  4096  (64  by  64)  ICAP  processors  consists  of 
an  ALU  that  may  perform  16,  8,  or  1  bit  operations,  256k 
bytes  of  local  RAM,  dual  ported  memory  for  interacting 
with  the  CAAPP  and  SPA,  and  neighbor  communications 
hardware.  The  hardware  for  an  ICAP  cell  consists  of  an  off- 
the-shelf  CPU  and  memory,  plus  a  custom  VLSI  circuit  that 
provides  inter-level  communications  and  control  functions. 
For  our  ICAP  processor  we  have  chosen  the  TMS320C25. 
The  320C25  operates  at  5  million  instructions  per  second 
and  can  perform  a  16  bit  multiply  and  accumulate  opera¬ 
tion  in  a  single  instruction  time. 

1  he  ICAP  communicates  in  the  vertical  dimension  via 
two  sets  of  shared  memory  structures.  There  is  a  shared 
memory  which  acts  as  a  backing  store  for  the  CAAPP  and 
is  available  in  the  address  space  of  the  ICAP.  In  addition, 
the  ICAP  and  the  SPA  share  a  common  memory.  This  is 
viewed  as  an  I/O  device  for  the  ICAP  and  is  visible  in  the 
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address  spare  of  all  the  processors  of  the  SPA.  Communi¬ 
cation  between  the  1CAP  and  the  SPA  takes  place  in  much 

Lilt  oai.ib  Way  (m  coon.  i if ibaXi-Jii  L ctwiXu  the  CAul'i  an  i 

TOAP  except  that  they  are  transferring  information  that 
is  represented  more  abstractly  than  the  information  that  is 
passed  between  the  CAAPP  and  ICAP.  These  up  and  down 
connections  provide  the  bi-directional  and  inter-level  com¬ 
munications  necessary  for  image  interpretation.  Through 
the  np/down  links,  information  may  be  passed  upward  as 
its  level  of  abstraction  dictates,  and  reinforcements  of  com¬ 
peting  hypotheses  may  be  passed  downward  as  needed  to 
resolve  conflicts. 

The  side  to  side  links  in  the  ICAP  provide  the  intra- 
level  communications  necessary  for  grouping  and  merging 
processes  to  take  place  on  the  intermediate  symbolic  repre¬ 
sentation.  These  bilks  aie  umiit.  switihtd  a.m!  piovide  a  f > 
M-hit/second  data  transfer  rate  between  ICAP  processors. 
Tbe  topology  of  this  network  is  a  mesh  with  additional  links 
that  provide  for  both  local  neighborhood  and  long  distance 
communication  across  the  array. 

3.3.3  The  SPA:  High  Level  Processing 

The  high  level  is  implemented  by  the  Symbolic  Pro¬ 
cessing  Array  (SPA),  which  is  an  ensemble  of  64  powerful 
processors.  Each  SPA  processor  is  a  32-bit  computer  with 
at,  least  4  Mbytes  of  memory.  In  the  first  prototype  slice  of 
the  IUA,  the  SPA  will  be  an  M68020  class  processor. 

The  SPA  is  designed  to  support  parallel  rule-based  and 
schema  (frame-based)  processing  within  the  framework  of  a 
blackboard  architecture  [Draper  ot  al.,  1986).  In  such  a  sys¬ 
tem,  wwiuM*  Bflwrvit*  Vf  •"rfiv'lrd  i-  [uirilli'l  vir  |jirus.-nr- 
at.tention  strategies  to  evaluate  results  of  initial  bottom-up 
processing.  These  schemas  generate  hypotheses  which  acti¬ 
vate  verification  processes  in  the  torrn  ol  other  schemas. 
These,  in  turn,  take  MSIMI)  control  of  the  ICAP  and 
CAAPP  to  perform  top-down  processing  and  re-evaluation. 
The  schema  processes  cooperate  and  compete  via  messages 
posted  on  the  system  blackboard. 

Under  our  current  plan,  communications  between  At  A 
processors  will  take  place  in  part  via  a  virtual  full-connection 
network.  This  will  be  Implumwitti  by  a  high  vpwd  flag 
structure  that  allows  one  data  word  to  be  passed  from 
each  processor  to  every  other  processor  in  a  single  instruc¬ 
tion  time.  The  ring  I/O  ports  into  each  processor  will 
be  memory  mapped  into  a  dual  ported  content  address¬ 
able  ilfptitfoiitpuT  ,i,  :i„urj  {aroMJ.  TH*  sten«wt* 
previously  described  [Levitan,  1984],  as  a  Full-CAPP  in¬ 
terconnect.  Such  a  structure  is  particularly  well  suited 
for  implementing  a  distributed  blackboard  system.  Un¬ 
like  a  simple  full-connect  network,  the  CAIOM  augmented 
fun  connect  network  does  not  overload  the  processors  with 
having  to  process  all  of  the  messages  that  have  been  trans¬ 
mitted.  Because  the  messages  are  stored  directly  into  an 
ASs'/Cbrtfwi  mrrnwi-r  shwtL  ikw  pn*****.*  tu*^  **- 

amine  them  via  parallel  associative  operations.  In  many 


cases,  the  Some/None  and  Count  values  are  all  the  infor¬ 
mation  about  the  messages  that  is  needed.  If  a  particular 
nit ssa.gr.  i„nsi  1st  cTamir,  V  t!v  n  tb  SHrrt.  First 

mechanism  permits  the  SPA  processor  to  directly  access 
that  message,  without  first  having  to  search  through  the 
other  messages.  The  CAIOM  is  viewed  as  a  high  prior¬ 
ity  mechanism  for  passing  update  and  control  information 
about,  the  state  of  the  blackboard.  The  blackboard  itself 
will  most  likely  reside  in  a  global  shared  memory  that  in¬ 
cludes  a  data  space  which  is  dual-ported  with  the  ICAP 
processors.  This  approach  allows  the  blackboard  to  contain 
a  tremendous  amount  of  information  and  yet,  the  knowledge 
source’s  attention  can  be  quickly  refocussed  through  mes¬ 
sage  passing  over  the  CAIOM  network. 

3.4  Architect, u re  Suiiiinary 

The  three-level  structure  of  the  UMass  Image  Under¬ 
standing  Architecture  supports  the  necessary  hierarchy  of 
abstractions  for  the  different  representations  and  operations 
we  need  to  solve  the  vision  problem.  Each  level  is  con¬ 
structed  to  perform  a  suite  of  tasks  most  appropriate  for 
that  level  of  abstraction. 

The  CAAPP  is  optimized  to  perform  local  operations 
on  neighborhoods  of  pixels  and  to  provide  feedback  to  the 
higher  levels  of  processing  about  the  state  of  the  computa¬ 
tion  and  statistics  about  low  level  data.  It  excels  at.  very 
tightly-coupled  fine-grained  parallelism.  The  mapping  of 
one  pixel  onto  each  processor  ensures  that,  the  maximum 
amount,  of  parallelism  available  in  the  low  level  vision  tasks 
will  be  utilized. 

■The  ICAP  i»  detfgfiWI  To  fcWjffxt+l  ttw*  wwnty  lucfic  of 
building  an  intermediate  representation  of  the  image  and 
operating  on  that,  representation.  These  operations  need 
two  primary  capabilities,  data  manipulation  and  communi¬ 
cation.  The  data  representations  used  by  the  CAAPP  need 
to  be  transformed  by  the  ICAP  into  a  more  accessible  for¬ 
mat,  and  then  passed  to  neighboring  ICAP  cells  to  perform 
merging  and  grouping  operations. 

1  he  high  level  tasks  which  perform  schema-based  rea¬ 
soning  run  in  the  SPA.  Schemas  are  processes  consisting 
of  programs  and  data  structures  which  nr.-  uuetl  to  ren.ou 
about  the  image  in  terms  of  a  knowledge  database.  To  sup¬ 
port  this  kind  of  distributed  artificial  intelligence  processing 
we  need  powerful  processors  with  large  amounts  of  mem¬ 
ory.  The  communication  between  processes  will  primarily 
be  ol  lei  .os  oi  a  distributed  blaikooaid  system  iiiaiiiigid 
by  the  pioresses  themselves.  As  these  processes  run  and 
make  requests  to  the  ICAP  (and  sometimes  directly  to  the 
CA A  P  P)  they  will  extract,  information  about,  the  image  and 
post,  the  results  of  their  analysis  on  the  blackboard  for  ot  her 
processes  to  use.  The  end  result,  will  be  an  interpretation 
of  the  image. 


493 


_ I 


'yij 


w 

*■  m 

«t  A 


< 


•>> 

*\ 


I 


3.5  Current,  Status 


At  present,  we  are  building  a  1  /filth  scale  demonstration 
prototype  of  the  IUA.  I  his  is  scheduled  Tor  completion  in 
early  1988  and  will  include  4090  CAA1T  cells,  64  ICAP 
cells,  a  single  SPA  processor  and  ait  array  control  unit. 
I'he  ent  ire  prototype  will  plug  into  a  single-user  workstation 
that  will  serve  as  a  host. 

The  prototype  will  physically  consist  of  a  lfi  by  20 
inch  mother  board  with  83  daughter  boards.  Eighty  of 
the  daughter  boards  are  4  by  2.5  inches  and  the  remaining 
three  are  20  by  2.5  inches  in  size.  Of  the  80  small  daughter 
boards,  lfi  are  for  clock  distribution  and  signal  buffering. 
The  other  fit  contain  the  ICAP  and  CAAPP  processors  and 
their  memories.  'I'he  three  larger  daughterboards  provide 
I  II?  r*4+J  illtrii  (fa* ,  Wdbnrfi  rtfe+’+ft  t  V +OH ,  if+fd  44.' A P 

communications  network  switching.  The  motherboard  also 
includes  a  dual  ported  frame  buffer  memory  that  allows 
high  speed  image  input  and  output. 

Each  processor  daughterboard  will  contain  a 
single  custom  VLSI  chip,  TMS320C25,  256 K  bytes  of  static 
RAM  l“.dK  Ji.y(4T  > il  diiatnorted  rJy n ■  i m i<-  rHIN,  Mfwl  lf+- 
state  bus  buffers.  The  single  custom  chip  holds  the  64 
CAAPP  processors  with  their  local  memories,  the  backing 
st.oie  i  out.roltel ,  a  refresh  controller  for  the  dynamic  HAM, 
and  arbitration  logic  for  the  various  devices  that  must  ac¬ 
cess  the  bus  of  the  associated  ICAP  processor.  Total  power 
dissipation  for  a  processor  daughterboard  is  estimated  at 
approximately  5  watts. 

The  custom  VLSI  chip  is  being  designed  in  2  micron 
CMOS  with.  2  metal  layers.  A  32  processor  test  chip  is  cur¬ 
rently  undergoing  fabrication  through  the  MOSIS  facility. 
A  fi rut  run  or  the  complete  custom  chip  is  scheduled  for 
summer  of  1987. 

Our  software  simulator  is  being  re-written  to  run  on 
an  Odyssey  signal  coprocessor  in  a  Texas  Instruments  F,x- 
"TW  *  Jih’WFvy  n  ■dltwi  Wwlmtwi R'AP 

processor  and  greatly  improves  the  execution  limes  for 
CAAPP  simulations  over  onr  VAX  based  simulator.  The 
Odyssey  simulator  will  also  permit  us  to  closely  mimic  the 
interactions  of  the  three  processing  levels  down  to  the  sig¬ 
nal  hwtd.  Tire  Odyssey  based  sbmilat.oi  wHI  initially  pro¬ 
vide  the  capability  of  a  single  IUA  daughterboard,  and  will 
eventually  be  extended  to  simulate  one  motherboard. 

A  VAX-based  high  level  emulator  is  also  planned  for 
development.  Whereas  the  Odyssey  simulator  is  designed 
to  allow  assembly  language  level  programming,  the  VAX 
emulator  will  be  the  vehicle  of  choice  for  researchers  who 
wish  to  get  an  idea  of  how  the  user-level  IUA  environment 
will  behave.  The  emulator  wili  sacrifice  low  level  accuracy 
in -favor  nl  freuler  tpeml  fcir  fl’smpl*'  llVfi  rumUtiv  will 
be  re  tricted  to  8,  lfi  and  32  bit  arithmetic,  avoiding  the 
slow-to-dmulate  bit-serial  methods  that  are  actually  used 
in  the  CAAPP. 


Beyond  simply  testing  our  hardware  design,  our  ulti¬ 
mate  goal  for  the  prototype  is  to  provide  a  powerful  in¬ 
terim  development,  environment  for  image  understanding 
parallel  processing  research.  A  simulated  parallel  processor 
is  simply  too  slow  to  permit  any  significant,  amount  of  ex¬ 
perimentation.  Once  our  prototype  is  up  and  running,  we 
will  be  able  to  accomplish  more  in  the  first  ten  seconds  of 
execution  time  than  we  have  been  able-  t.o  do  in  our  previous 
rv<  years  <,f  gitmihtkn.. 

Because  having  I, his  much  processing  power  in  a  box 
(lie  size  of  a  personal  computer  is  so  attractive,  we  have 
designed  our  prototype  to  be  easily  reproducible  for  a  rea¬ 
sonable  cost.  It  has  also  been  designed  to  be  easily  adapted 
to  different  host  systems.  We  thus  hope  that  it  will  be  pos¬ 
sible  to  construct  several  copies  of  the  small  scale  system 

ft . Ti'it,  ,  of  n  si  ait  fie,  s  prior 

to  construction  of  the  full  scale  machine. 


4.  THE  OPERATING  ENVIRONMENT 

An  integrated  multiprocessor  system  cannot  be  pro- 

#r*rinwd  m  h  «f  stjrtiwi,  Tn.trfii .  p„, 

system,  even  the  three  tiers  of  processors  must  be  viewed  as 
a  single  system.  1  his  does  not  make  programming  harder, 
ratiiel  lilib  should  be  viewed  as  a  version  ot  the  classic  model 
of  a  layered  system.  In  operating  system  design,  for  in¬ 
stance,  we  often  design  a  system  as  a  hierarchy  of  virtual 
machines  each  providing  a  service  to  the  one  above  by 
making  demands  (calls)  to  the  one  below.  The  IUA  follows 
this  paradigm  explicitly:  The  hardware  /  software  system 
at  each  level  provides  a  clean  virtual  machine  for  the  levels 
above  and  below  if. 

The  high  level  system  needs  to  run  a  parallel  LISP 
implementation  of  the  schema  system.  The  currently  ex¬ 
isting  software  environment  for  schema  development  on  a 
single  processor  is  outlined  in  ( Draper  el,  al.,  1986).  Be¬ 
sides  the  necessary  support  for  a  parallel  LISP  environ- 
net  A  spcT,:  ei-|  iipont  t  lai  u  wan  (aiid  system  sup¬ 
port)  for  two  functions:  inter-schema  communication  and 
queries  and  updates  to  the  intermediate  level  representa¬ 
tion.  Schemas  not  only  need  to  communicate  with  other 
schemas  to  resolve  conllicts  and  ambiguity,  they  need  to 
locate  which  other  schemas,  out  ol  hundreds  or  thousands, 
share  related  image  events.  The  OAIOM  hardware,  and 
LISP/operating  system  support,  will  allow  schemas  to  post 
requests  and  assoriat ively  search  for  other  schemas  with 
the  same  objects  of  interest  in  the  image. 

Queries  to  the  intermediate  level  from  the  SPA  are  pro¬ 
cessed  by  making  requests  to  the  ICAP  processors.  These 
requests  ran  be  of  two  forms,  local  to  a  specific  sub-image, 
or  global  t.o  the  whole  image.  The  global  array  control 
mwt  mm  Uww  mv4  q-m miw  t tn  f-,r  pr.uv.w 

ing.  Processing  a  request  involves  running  one  (or  several) 
“scripts”.  These  are  microcode  sequences  broadcast  to  the 
CAAPP/ICAP  arrays  as  sets  of  instructions  and  data.  The 
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\  scripts  are  not  free  of  loops  or  branches.  Close  interaction 

£  with  the  feedback  from  the  arrays  makes  it  possible  to  pro- 

<r  gram  data-dependent  conditional  execution  in  the  scripts. 

J  Data  dependent  interactions  between  the  1C’ A  I*  processors 

if  and  their  associated  CAAPP  cells  is  also  possible. 

J 

5.  THE  DEVELOPMENT  ENVIRONMENT 

During  the  hardware  development  phase,  software  func¬ 
tional  level  simulators  are  being  used  for  testing  implemen- 
f  t'ttions  of  vision  algorithms  on  the  III  A .  CAAPP  simulators 

have  been  in  use  to  refine  both  the  architecture  and  low 
level  algorithms.  New  CAAPP  and  It  ’  simulators  will 

be  available  both  separately,  for  testing  orithms  that  ru. 

on  a  single  level,  and  in  an  integrated  fo  i.  I'm*  SPA  sirm  - 
lator  will  be  a  multiprocessing  Common  Lisp  environment. 
-IJ'  t  F  g  o  i  “■  f  lW>  '  Vl'crud  multiprocessor,  and  aunmented 
with  functions  that  simulate  the  CAIOM  communications 
mechanism. 

The  simulators  may  be  adjusted  to  simulate  a  CAAPP 
with  a  width  of  any  pow<  r  of  two  from  8  through  812  (with 
the  ICAP  simulator  adjusted  correspondingly  to  a  width 
of  1  through  64).  Most  so rt ware  testing  will  be  done  with 
the  simulators  set  to  a  sma'I  array  widtli  to  facilitate  turn¬ 
around  time  on  simulations.  When  the  simulators  are  set  to 
full  w'idth,  our  experience  has  been  that  we  achieve  less  than 
one  second  of  .siiiiulali  d  ft’A  tu.i  pei  i  <1  \A\  C,M 
time.  Of  course,  once  the  hardware  becomes  available,  the 
development  environment  will  shift,  entirely  onto  it ,  in  order 
to  speed  up  software  testing. 

In  addition  to  the  simulators,  assemblers  are  planned 
for  the  CAAPP  and  ICAP.  These  are  assemblers  only  in 
that  they  allow  the  programmer  to  program  the  CAAPP 
and  ICAP  at  the  instriir.tion-by-instruction  level.  The  as¬ 
semblers  will  be  interactive,  providing  information  to  the 
programmer  that  will  aid  in  optimizing  utilization  of  the 
two  levels  in  parallel.  Programs  that  are  constructed  through 
the  assemblers  will  initially  execute  on  the  simulators,  and 
Is,. ter  on  the  a.ftial  hardware.  Ear  It  program  generated  by 
the  assemblers  also  takes  the  form  of  a  LISP  or  C  callable 
subroutine.  This  permits  the  SPA  simulator,  and  the  UMass 
VISIONS  system  to  interface  directly  with  any  software 
that  is  developed  for  the  IUA. 

6.  FURTHER  DEVELOPMENT 

We  are  currently  working  with  researchers  at  Hughes 
Research  Laboratories  on  refinements  to  the  ICAP  struc¬ 
ture  and  the  CAAPP  to  ICAP  control  interface.  One  pos¬ 
sibility  being  explored  is  to  give  the  ICAP  the  ability  of 
interacting  with  a  local  CAAPP  controller.  I  he  CAAPP 
would  then  be  able  to  execute  in  Mulli-SIMI)  mode  at  the 
‘  chip  level:  Each  8x8  section  could  then  execute  a  sep- 

[  arate  instruction  stream.  Another  extension  would  be  to 

augment  the  tCAP  gtobalty  vonf-iolled  .  uimt  ,,  it,  l>  a  u  t. 
work  with  a  distributed  control  routing  network. 


7.  CONCLUSION 

As  we  discussed  in  section  I.  we  believe  that  to  build 
a  computer  vision  system  we  must  provide  an  architecture 
which  can  help  address  the  problem  areas  ol:  the  unreliabil¬ 
ity  of  segmentation  processes,  the  compounding  of  uncer¬ 
tainly  from  d  i  lleren  t  pi  Dressing  1.ecbiuc|iies,  the  mol  to  i>i 
vide  mechanisms  for  information  fusion  as  well  as  support 
for  multiple  representations  of  data  and  meta-knowledge, 
the  need  for  global  context  dependent  local  processing,  and 
support  for  infereucing  techniques. 

The  Image  Understanding  Architecture  consists  of  an 
ini  grated  vision  system  executing  on  a  parallel  processing 
eii.iepibjr.  It  supports  many  processes  prf7on..;r)g  many 
tasks  at  t  hree  levels  of  abstraction.  Each  level  is  embodied 
in  a  particular  set  of  processing  elements  suited  to  the  re- 
quiromeiu,s  ar  i, hut,  level  ui  ptoc  i  s.ssiug.  ftigh  .-*pei  i  icft  I  'vl 

local  processing  elements  provide  fast  segmentation  pro¬ 
cesses  which  can  be  tuned  and  retried.  Associative  process¬ 
ing  allows  feedback  from  t  he  processes  to  t  he  control  system 
as  well  as  supporting  context  dependent  operations.  Infor¬ 
mation  fusion  is  provided  by  intermediate  level  processes 
running  at  the  appropriate  level  of  abstraction  to  reduce 
uncertainty  from  different  processing  strategies.  Symbolic 
processing  at  the  high  level  supports  a  schema  based  infer¬ 
ence  system  where  knowledge  about  the  real  world  is  repre- 
>  i  i  \  I  %  VI  li  r|  1  g  11/ 1  in  formn!  ion  .  ( ’oinniu  nica- 

tiou  and  control  both  between  levels  (vertically)  and  among 
processors  at,  each  level  (horizontally)  allows  the  system  to 
work  in  a  concerted  manner  to  perform  machine  vision. 
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CONSTRUCTS  FOR  COOPERATIVE 
IMAGE  UNDERSTANDING  ENVIRONMENTS 


Christopher  C.  McConnell,  Philip  C.  Nelson,  Daryl  T.  Lawton 


Advanced  Decision  Systems,  Mountain  View,  California  94040 


ABSTRACT 

Researchers  in  machine  vision  require  a  rich  set  of 
tools  for  developing  theories,  algorithms,  and  systems. 
These  range  from  supporting  the  expression  of  numeri¬ 
cally  intensive  computations  to  rule-based,  symbolic 
inference  processes.  This  paper  describes  a  tightly  cou¬ 
pled  set  of  such  constructs  that  have  been  developed 
for  a  software  environment  for  image  understanding. 
The  major  components  of  this  are:  l)  an  object- 
oriented  programming  mechanism  for  defining,  creat¬ 
ing,  modifying,  and  combining  objects.  There  are  also 
databases  for  the  storage  and  access  of  long  term  infor¬ 
mation  such  as  procedures,  object  definitions,  and 
instances  of  processing  environments;  2)  An  underlying 
functional  form  built  front  an  extendable  set  of  macros 
that  is  used  for  expressing  common  processing  opera¬ 
tions  lor  several  different  types  of  objects;  3)  A  set  of 
uniform  databases  for  automatically  maintaining 
resources  and  results  in  an  interactive  or  autonomous 
processing  environment;  4)  An  interactive  display  facil¬ 
ity  for  images  that  generalizes  to  a  wide  range  of  other 
objects,  including  curves,  regions,  and  groups. 


1.  INTRODUCTION 


Researchers  in  computer  vision  deal  with  prob¬ 
lems  at  several  different  levels  of  computation,  from 
numerically  intensive  computations  that  are  often 
accomplished  in  parallel  over  large,  structured  arrays,, 
to  processing  involving  symbolic  and  relational  objects, 
such  as  extracted  image  structures,  instantiated  model 
hypotheses,  and  interpretation  rules.  This  work 
requires  a  highly  interactive  environment  in  which  to 
prototype,  experiment,  and  interpret  results.  In  addi¬ 
tion,  work  in  computer  vision  usually  involves 
researach  teams,  because  of  the  range  of  problems 
being  addressed.  It  is  essential,  especially  in  building 
application  systems  of  any  complexity,  that  tools  sup¬ 
port  the  integration  and  capabilities  of  several  peoples 
work.  The  set  of  tools  and  the  programming  environ¬ 
ment,  dramatically  shapes  the  culture  for  doing  vision 
research  Donaldson  et.al.  -  S3,  Kohler  et.nl.  -  8.1, 
Quam  -  84:. 

Figure  l-l  shows  the  basic  components  that  have 
been  developed  as  part  of  such  an  environment.  The 
object/function  definition  facility  supplies  a  powerful 
and  uniform  set  of  constructs  for  creating  object  types 
and  instances  at  several  of  the  different  levels  necessary 


for  vision  research.  These  include  image  registered 
features,  intermediate  objects  such  as  regions,  and  high 
level  objects  such  as  visual  models.  The  display  facility 
provides  a  uniform  mechanism  for  viewing  objects. 

There  are  four  databases  for  automatically  keep¬ 
ing  track  of  created  object  instances  (Perceptual  Struc¬ 
ture  Database  or  PSDB),  processing  history  (Environ¬ 
mental  Database  or  EDB),  existing  functions  and  object 
type  definitions  Programmers  Database  or  PDB),  and 
stored  results  such  as  images,  objects,  and  particular 
instances  of  the  PSDB,  EDB,  and  LTDB.  These  data¬ 
bases  are  accessed  through  a  uniform  query  language 
or,  optionally  through  a  set  of  interactive  browsers. 
The  database  mechanisms  allow  research  techniques 
and  resuits  to  be  shared  by  a  distributed  community  of 
users. 
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2.  OBJECTS 


2.1  DEFINED  PERCEPTUAL  OBJECTS 


! 

•  [t  is  necessary  to  represent  many  different  types 

of  objects  in  computer  vision.  To  function  within  an 
integrated  environment,  the  method  of  defining,  saving, 
accessing,  displaying,  and  combining  these  objects  must 
be  specified.  In  addition  to  these  common  features,  an 
object  must  also  represent  its  class  specific  properties 
(e.g.,  all  points  have  a  location),  and  perhaps  some 
instance  specific  properties  (e.g.,  this  curve  has  this 
interesting  feature).  The  ability  to  assign  both  class 
and  instance  attributes  to  objects  allows  a  researcher  to 
I  standardize  well  understood  properties,  but  still  permits 

I  a  rich,  dynamic  representation  mechanism. 

To  meet  these  and  other  requirements,  objects  are 
,  implemented  in  an  object-oriented  programming 

■  methodology.  In  such  a  system,  an  object  and  the  pro¬ 

cedural  forms  used  to  manipulate  it  are  symbolically 
attached.  An  object  is  then  manipulated  by  instructing 
it  to  evaluate  the  symbolically  specified  operation  - 
known  as  sending  the  object  a  message.  This  is  best 
illustrated  by  an  example  as  follows:  In  standard  pro¬ 
gramming.  a  display  routine  that  requires  the  location 
ol  an  object  (i.e.,  a  point)  would  access  the  value  with  a 
function  available  in  the  environment,  (location 
point  ■).  In  an  object-oriented  system,  the  points 
To*  alien  would  be  queried  as  ^seuii  •  point  .location). 

When  only  one  type  of  object  is  present  in  the 
environment,  these  two  approaches  are  merely  a  syn¬ 
tactic  transformation.  A  problem  arises,  however,  with 
the  introduction  of  new  types  of  objects.  The  location 
of  a  curve,  for  example,  may  be  defined  as  the 
geometric  center  of  its  bounding  box  as  opposed  to  the 
row  and  column  associated  with  a  particular  point.  To 
enable  the  display  routine  to  manipulate  curve  objects 
as  well  as  points,  the  location  function  must  be 
modified  to  act  differently  depending  on  the  type  of  its 
input.  The  need  to  constantly  modify  the  manipulators 
to  support  new  objects,  quickly  yields  a  bulky, 
inflexible,  unorganized  system. 

In  the  object-oriented  example,  the  curve  object 
symbolically  attaches  the  bounding  box  calculation  to 
the  location  message,  completely  independent  of  the 
characteristics  of  a  point.  The  task  of  specifying  how 
an  object  is  to  be  manipulated  is  distributed  out  of  the. 
overloaded  location  operator  and  is  transferred  into  the 
object.  The  object  now  determines  the  implementation 
of  the  semantic  property,  "location". 

I  his  distribution  of  functionality  gives  a  great 
deni  sf  fuiwcr  the  iMteea  all 

are  seen  to  support  similar  properties,  while  objects 
need  only  be  concerned  with  t heir  own  manipulators. 
Multiple  representations  of  the  same  object  type  can  be 
supported  as  well  as  multiple  types.  Because  instances 
in  our  environment  can  contain  their  own  specific  pro¬ 
perties,  a  particular  object  can  interpret  a  message 
dillercnlly  than  all  others  in  its  class.  This  capability  is 
the  loundation  of  virtual  objects,  described  later  in  this 
section. 


Several  types  of  objects  in  the  initial  environment 
have  been  defined,  including  images,  points,  curves,  and 
regions.  These  objects  support  the  basic  properties 
common  to  all  objects:  save-to-file,  copy,  and  add  - 
tional  properties  particular  to  each  class.  There  are 
also  composite  objects,  stacks,  and  groups  that 
abstractly  combine  collections  of  other  objects. 

Interesting  combinations  of  the  initial  objects  are 
immediately  apparent.  An  image  can  be  created  where 
each  pixel  is  a  pointer  to  a  list  of  extracted  objects  that 
exist  at  that  location.  This  is  called  a  label  plane  and 
is  used  extensively  for  geometric  reasoning.  A  region 
can  be  bounded  bv  a  list  of  curves,  and  a  group  can 
enclose  similar  regions.  Any  desired  combination  is 
possible. 

An  important  feature  of  all  non-image  objects 
such  as  points,  junctions,  curves,  and  regions,  is  the 
representation  of  their  spatial  characteristics.  Any 
representation  should  be  compact,  provide  fast  access, 
and  should  facilitate  most  common  operations.  How¬ 
ever.  there  is  no  optimal  format^  each  must  I  rad*  ut 
between  time  and  space  considerations. 

The  initially  defined  objects  abow  the  researcher 
U,  rVw*c  stw-ertl  possible  -V  *■.  - 

tations:  arrays,  segments,  chain  code.',  and  quad  trees. 
These  variations  are  possible  with  our  utilization  of 
object  oriented  programming.  When  a  representation 
is  chosen,  the  object  inherits  the  procedures  associated 
with  the  relevant  messages,  and  the  newly  defined 
object  can  immediately  be  manipulated  in  the  environ¬ 
ment. 


(AUG-PEP-COMIPASr  ;  7  7963623 
MIRP-COMTPRST  :  0  46040667 
lAVC-COIlfPRST :  6.030009 
UfiP-BLUE :  3. 4303231 
II  AUG -BLUE  1 2  730^42 
lUAR-GPEEM:  1.2262498 
AUG-OFEEU:  15.5607b5 
UAP-PED  9 • 167J44 
jnvu-Ptu:  ,’.o2lb56 
JUAP-IMTEMSITY  :  ?.  3-309^90 
fAUG-IMIENSITYr  12  2366R9 

ALL-C0NP0MENTS:  (lICUPUE  (10  56'  <41  77i  ■09|06?R]'| 
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Figure  2-1:  Interactions  With  Label  Plane 
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As  an  example  of  label  planes  and  system  defined 
object  types.  Figure  2-1  shows  a  display  function  called 
display- values  for  interactively  accessing  and  applying 
functions  to  values  in  images.  In  this  figure,  the  image 
is  a  label  plane  for  the  set  of  extracted  curves  and  the 
result  returned  by  the  function  is  the  description  of  the 
curve  instance  that  is  selected.  The  default  curve  attri¬ 
butes  are  shown  in  small  letters  and  the  associatec 
attributes  are  shown  in  capitals. 

2.2  OBJECT  ACCESS 

As  discussed  above,  all  objects  in  the  environment 
are  accessible  Ihijagu  a  uiiuumi  set  uf  messages 
through  the  object-oriented  programming  methodology. 
This  layer  of  procedural  abstraction  allows  powerful 
generalizations.  A  small  set  ot  display  routines  can  be 
applied  to  a  large  number  of  varied  objects.  The  mes¬ 
sages  can  mask  any  complexity  in  describing  an 
object's  physical  characteristics.  Virtual  objects  can  be 
created  that  have  no  internal  data  but  are  procedural 
filters  over  other  objects  already  defined. 

The  uniform  interface  requires  each  object  to 
understand  messages  in  both  a.  ID  and  2D  context. 
This  allows  the  system  to  make  no  distinction  between 
objects  that  are  considered  inherently  “linear”  or 
inherently  "planar”.  There  are  three  basic  messages  in 

1 1 . iiifurt  i  utij  rl  i  tetf:  i  curb  "Ut.Ti  u  lit  aril  w 

dimensional  version: 


1.  BOUNDARIES  - 

•  ID)  The  number  of  data  points  in  the 
object. 

•  2D)  The  minimum  and  maximum  X 
and  Y  value  in  the  object. 

2.  POSITION  - 

•  ID)  Mjj  ■  to"  N  V  prn'rttrt  i  i  Jli  rim 
equivalent  ID  offset. 

•  2D)  Maps  a  ID  offset  into  the 
appropriate  X  and  Y  value. 

3.  VALUE  - 

•  ID)  Returns  the  color  at  a  particular 
offset. 

•  2D)  Returns  the  color  at  a  particular 
X  and  Y  position. 


To  put  these  messages  into  perspective,  consider  a 
two  ditimtstottal  intake  object.  The  tneuJngs  of  the  2b) 
messages  is  clear.  The  BOUNDARIES  message  returns 
the  dimensions  of  the  ai,.iy,  the  POSITION  message 
returns  the  offset  of  a  specified  row  and  column  from 
the  base  of  the  array,  and  the  VALUE  message  refer¬ 
ences  the  pixel  value  at  a  particular  row  and  column. 


The  ID  messages  can  be  interpreted  as  follows:  the 
BOUNDARY  message  returns  the  number  of  pixels  in 
the  image  (i.e..  Width  *  Height),  the  POSITION  mes¬ 
sage  does  the  inverse  mapping  from  the  array  offset  to 
the  appropriate  row  and  column,  and  the  VALUE  mes¬ 
sage  does  a  lookup  treating  the  array  as  a  very  long  ID 
vector,  similar  to  the  way  it  is  stored  in  memory. 

The  meaning  of  the  ID  and  2D  messages  are  not 
an  C-ttc-laleu  in  a  curve  object  represented  as  a  list  of 
(X,  Y,  COLOR)  triplets.  The  ID  BOUNDARIES  mes¬ 
sages  returns  the  total  number  of  points  in  the  curve, 
the  ID  POSITION  message  returns  the  X  and  Y  posi- 
ric*7v  uf  t!,c  nth  point,  .lad  the  ID  \  ALU E  message 
returns  trie  color  associated  with  the  nth  point.  The 
-D  messages  can  be  interpreted  as  follows:  the  BOI  X- 
D  ARIES  message  returns  the  geometric  bounding  box 
(i.e..  minimum  and  maximum  X  and  Y  values)  of  the 
curve,  the  POSITION  messagp  returns  the  point 
number  of  the  point  at,  or  closest  to,  a  particular  X 
and  Y,  and  the  VALUE  message  calls  the  2D  POSI¬ 
TION  message  to  find  the  appropriate  point  and  then 
calls  the  ID  VALUE  message  to  look  up  its  color.  This 
is  an  example  of  combining  messages  to  perform  a  com¬ 
plex  action. 

Note  that  th's  is  not  the  only  interpretation  for  a 
curve  object.  For  example,  the  2D’  POSITION  message 

c.rtly  i  lerputate  to  the  fcWeSl  praiTTt  Wfiel!  flie 
specified  X  and  Y  lie  along  the  curve  boundary.  The 
2D  VALUE  message  may  interploate  the  colors  of  the 
two  adjacent  points  rather  than  returning  the  color  of 
the  closest  point.  This  is  a  major  advantage  of  the 
tunetional  interface.  An  object  decides  how  it’s  to  be 
described;  its  description  is  NOT  d  termined  by  any 
environmental  routines. 

This  system  also  supports  multiple  internal 
representations.  If  a  curve  is  associated  with  a  label 
plane,  the  curve  object  can  reference  the  label  plane  to 
answer  the  2D  messages  and  the  (X.Y, COLOR)  list  to 
answer  the  ID  messages.  Again,  this  capability  is 
rnftpEMiknt  of  l!it  tMtifa?.  system;  it  is  rthoflj-  con¬ 
tained  inside  the  object. 

It  should  be  t.Acd  thwt  tut  «4jwl  wvd  wu  v,w.Rt- 
stand  every  message.  The  drawbacks  of  such  an 
incomplete  object  are  that  it  may  not  function  properly 
in  some  display  routines,  and  it  may  not  combine  with 
other  objects  or  other  procedural  filters  to  create  com¬ 
pound  or  virtual  objects. 

2.3  VIRTUAL  OBJECTS 

A  virtual  object  looks  and  acts  like  any  other 
object  in  the  environment;  however,  the  procedures 
Wfi  tefjyb,n  «§  aecLFj*  fJje9Sfrs*s  , in/dify  Ititp  deairriplTons 
of  other  objects  without  duplicating  their  underlying 
representation.  In  other  words,  a  virtual  object  is  just 
a  filter  around  the  messages  of  other  objects.  \  simple 
example  is  a  virtual  image  (V-I.MAGE)  which  is  the 
inverse  of  an  existing  image  (IMAGE).  V-LMAGE  uses 
the  BOUNDARIES  and  POSITION  message  from 
IMAGE  unchanged,  but  modi  lilies  the  ID-VALUE  mes¬ 
sage  as  follows: 

'(lambda  (index) 

<*jpui  l  ftaiJ  !*  LU’E  :sn  V  YLVU  ;„.l, \JJ) 
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There  is  a  speed  disadvantage  in  this  virtual  object 
because  the  XOR  calculation  must  be  done  each  time  a 
pixel  is  accessed.  However, there  is  tremendous  space 
efficiency  because  V-IMAGE.  a  unique,  new  image,  is 
created  at  t'ie  cost  of  a  few  lambda  expressions. 

\  irtual  objects  are  especially  important  in  a 
display  system  where  many  minor  modifications  of 
existing  objects  are  desired  to  tune  the  appearance  of 
the  display.  Rather  than  having  a  fixed  set  of  these 
tuning  options  in  the  display  routines,  such  as  scaling, 
inverting,  adding,  etc.,  any  combination  that  can  be 
expressed  as  a  lambda  expression  can  be  specified. 
Binary  masks  can  be  used  to  conditionally  modify  the 
value  of  a  full  8-bit  image.  A  label  plane  of  pointers  to 
objects,  that  is  not  a  directly  d!  playable  image,  can  be 
run  through  a  filter  that  returns  an  integer  based  on 
the  attributes  of  the  object  pointed  at  in  the  label 
plane  in  any  given  position.  Because  a  virtual  object  is 
itself  a  complete  object,  answering  all  the  messages 
specified  in  the  uniform  interface,  it  can  be  used  recur¬ 
sively  as  a  data  source  in  a  new  virtual  object. 

Virtual  objects  also  provide  an  excellent  interface 
to  various  types  of  display  hardware.  An  8-bit  image 
can  be  displayed  on  a  monochrome  display  by  mapping 
some  values  to  one,  and  the  rest  to  zero.  Three  8-bit 
images  can  be  combined  into  a  2-1-bit  virtual  image  by 
adding  together  the  first  image  value,  the  second  image 
tabic  shifted  by  zs  bits  and  tlie  third  image  value 
shifted  by  16  bits. 

\  irtual  objects  can  also  map  over  localized  neigh- 
noiliuods  m  ihe  source  objeci.  Oradients,  convolution, 
and  median  filtering  are  all  possible  -  without  ever 
'•renting  a  new  image.  Ari  example  is  a  virtual  image 
that  returns  the  maximum  value  in  a  2  by  2  neighbor¬ 
hood  in  a  source  image.  The  2D-VALUE  message  of 
•such  a  virtual  image  is: 


'(lambda  (row  col) 

(max  (send  IMAGE  :2D-VALUE  row  col) 
(send  IMAGE  :2D-VALUE  (1  row)  col) 
(send  IMAGE  :2D-VAI,1'E  row  (1  col)) 
(send  IMAGE  :2D- VALUE  (1—  row)  (1-  col)) 
)) 

Referencing  a  pixel  in  this  virtual  image  is  at  least  four 
times  as  expensive  as  referencing  a  pixel  in  the  source 
image  but  again,  there  is  a  tremendous  space  savings. 
Note  that  the  virtual  image  described  above  is  actually 
one  pixel  smaller  than  the  source  image  (i.e.,  the  source 
image  must  always  have  at  least  one  row  and  one 
column  beyond  any  call  to  2D- VALU  E).  This  is  arcom- 
'/  V-  t''.„  IVJVNDAK!!;  nitasagt  df'ttu 
original  image  through  a  function  that  reduces  the 
dimensions  by  one. 

As  demonstrated  in  the  above  example,  virtual 
objects  are  not  restricted  to  modifying  only  the 
\  ALL  ES  message  of  their  source  objects.  Bv  modifv- 
ing  the  POSITION  and  BOUNDARIES  messages,  other 
powerful  effects  are  possible.  For  example,  to  reduce  an 
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image  by  a  factor  of  two  by  averaging  local  neighbor- 
>ods,  the  BOUNDARIES  message  divides  the  orginal 
bounds  by  2  the.  POSITION  message  maps  from 
reduced  pixel  locations  to  their  original  position  (by 
multiplying  the  row  and  column  values  by  2),  and  the 
VALUES  message  does  an  average  across  the  neighbor¬ 
hood  in  the  original  image  to  produce  the  reduced 
value. 


.,  V  irtual  curves  and  regions  can  be  created.  The 
VALLE  message  can  easily  be  mapped  as  described 
above.  A  curve  can  be  zoomed  by  any  factor  In¬ 
appropriately  modifying  the  BOUNDARIES  and  POS1- 
I  IO.N  messages.  A  virtual  curve  can  also  be  created 
that  evenly  redistributes  the  points  in  a  source  curve  in 
hxed  distance  increments,  or  in  a  fixed  number  of  total 
points.  Multiple  curves  can  be  attached  end  to  end  bv 
modifying  the  BOUNDARIES  message  and  dispatching 
to  the  appropriate  source  curve  in  the  POSITION  and 
\  ALL  E  messages. 

i  /ut,lct'°.n  t0  help  the  user  create  virtual  objects 

(called  MV  O)  is  included  in  the  environment.  It  has 
many  options,  some  of  which  are  described  below: 

1)  PMF  (Pixel  Mapping  Function):  This  option 
is  used  for  virtual  objects  that  maintain  the 
spatial  attributes  of  their  .source  objects,  but 
modify  the  returned  value.  The  user  supplies 
11  sum  re  objects  and  a  lambda  expression 
ol  ,n  ■  values.  The  VALUE  message  in  the 
newly  created  virtual  object  has  the  effect  of 
applying  the  lambda  expression  to  correspond- 
e.g  pixels  ;,1  each  oi  tne  source  objects  For 
example: 

IMA°GF)Pmf  ’(lambda  MO0*™  -1  pi)) 

yields 

:  ID- VALUE  = 

(lambda  (index) 

(logxor  -1 

(send  IMAGE  .‘ID-VALUE  index))) 


PMF  also  understands  some  keyword 
options  that  produce  the  lambda  expressions 
that  are  then  incorporated  into  the  virtual 
object.  An  example  of  such  a  usage  is: 


(tit\n  :;.tuf  '(acalt  HMM)  2uOu  >:>[)  »)  IMAGE) 


that  scales  image  values 
ran s<e  'Ml  in  ll  t’li.,  *i>i  i 


that  does  the  scaliim  is 
MV  O. 


1000  lo  2000  into  the 

•i  I  i . i  .  i  .  ,  . , 

XT-'  '  *(i 
generated  inside  of 


X 
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2)  NMF  (Neighborhood  Mapping  Function): 
This  option  is  used  for  virtual  objects  that  are 
neighborhood  maps  over  a  single  source 
object.  The  user  supplies  a  neighborhood  size, 
an  optional  reduction  amount,  and  a  lambda 
expression  of  <n>  args  where  <n>  is  the 
neighborhood  size.  The  output  object  is 
reduced  from  the  source  by  the  reduction  fac¬ 
tor  and  applies  the  neighborhood  function  to 
the  appropriate  region  to  supply  the  value  in 
the  virtual  object.  A  horizontal  gradient 
example  is  specified  as: 

(mvo  :.\MF  '(minus  meighborhood  (l  2)) 
IMAGE). 

The  neighborhood  average  example  is 
expressed  as 

(mvo  :.\.Y1F  ’(avg 

meighborhood  ’(2  2) 

•.reduction  ’(2  2))  IMAGE). 

3)  CONNECT:  This  option  builds  a  virtual 
curve  that  connects  any  number  of  source 
curves  as  described  above.  It  is  created  as  fol¬ 
lows: 

(mvo  :connect  ’(:wrap-aronnd  t)  Cl  02  C3) 

The  :wrap-around  options  indicates  that  the 
last  point  should  be  connected  to  t he  first 
point. 

3.  PROGRAMMING  CONSTRUCTS 


Our  preferred  base  language  is  COMMONLISP 
because  it  has  the  flexibility  of  any  LISP  dialect  and  is 
a  standard  language  available  on  a  wide  variety  of 
hardware.  In  addition  to  the  base  language,  constructs 
are  needed  for  expressing  common  image  understanding 
idioms  in  a  concise,  efficient,  and  portable  manner. 
Having  such  programming  constructs  maximizes  the 
productivity  of  a  researcher  by  allowing  an  algorithm 
to  be  expressed  at  a  conceptual  level  without  concern 
for  its  efficient  implementation  on  a  specilic  machine. 
The  details  of  generating  the  efficient  code  required  by 
image  understanding  programs  can  be  left  to  an  expert 
on  a  particular  machine. 

Programming  constructs  for  image  understanding 
have  two  conflicting  requirements:  to  provide  as  much 
generality  and  abstraction  as  possible  while  running  ns 
efficiently  as  possible.  Many  programming  environ¬ 
ments  provide  a  variety  of  different  constructs  lo  write 
efficient  code  on  a  particular  machine.  The  problem 
with  this  approaefi  is  that  the  code  is  no  longer  port¬ 
able  and  requires  full  knowledge  of  the  tradeoffs  on  a 
particular  machine.  The  approach  we  have  taken  is  to 
use  macros  to  create  higher  level  language  constructs. 
These  are  then  compiled  into  code  optimized  for  the 
way  that  a  construct  is  being  used  and  the  require¬ 
ments  of  a  particular  machine.  This  allows  the 
specification  of  algorithms  in  a  concise  and  portable 
fashion,  while  still  hiding  the  details  of  efficient  imple¬ 
mentation. 


The  two  general  classes  of  image  understanding 
programming  constructs  are  object,  constructs  and 
expansion  environments.  Object  constructs  provide 
well  defined  ways  to  create,  access  and  modify  objects. 
They  hide  the  implementation  of  the  objects.  Expan¬ 
sion  environments  provide  the  context  and  binding 
required  to  make  repetitive  object  operations  more 
efficient. 

A  typical  expansion  environment  is  one  that 
specifies  an  iteration  over  neighborhoods  in  an  image, 
storing  the  result  of  applying  some  function  over  that 
neighborhood  into  another  image.  The  construct  pro¬ 
vides  defaults  that  can  be  overridden  for  figuring  the 
bounds  of  looping  and  boundary  checking.  The  image 
access  constructs  inside  the  environment  expand  into 
code  that  ’knows’  that  accesses  are  being  done  in  neigh¬ 
borhoods  and  what  sort  of  boundary  checking  is 
required.  Other  expansion  environments  provide  stan¬ 
dard  feature  interface  and  error  checking  or  recovery 
code. 

One  specific  expansion  environment  that  we  have 
developed  is  called  DEFIU.  It  provides  standard  key¬ 
word  arguments,  error  checking  and  recovery  code, 
database  management  code,  hooks  for  interactive  func¬ 
tion  application,  boundary  checking,  and  efficient  loop 
generation.  It  contains  knowledge  about  providing 
defaults  and  efficiently  implementing  common  image 
processing  idioms.  All  of  its  features  are  controlled 
through  keywords.  It  assembles  a  program  from  con¬ 
text  information  and  code  fragments.  DEFIU  has 
proved  to  be  very  useful  in  writing  general  image  pro¬ 
cessing  programs.  As  an  example  of  the  use  of  DEFIU, 
see  Figure  3-1  showing  the  definition  of  chamfer.  Each 
line  of  this  function  maps  into  approximately  20  lines 
of  more  primitive  lisp  code. 


Generate  a  distance  map  for  a  binary  image  by  chamfering. 

(defm  chamfer  (binary-image) 

"Take  a  binary  image  and  compute  the  distance  at  each  point  in  the 
grid  from  I  he  nearest  objert." 
menu  curve 
input  (binary-image) 

output  f chamfer-imago  :array-type  'art-q  ) 

do  (p.sel  (if  (  -  (pge.t  binary-image)  0)  10000U0000.0 
0.0) 

chamfer-image) 
in  :t  by  3 

centerr  1  cenlerc  1 

do  (pset  (mill  (pget-r  rhamfer-image  0  0  ) 


(■  2.0  ( 

pgetir  chamfer-imagc  0-1)1 

(  -  3.0  | 

[)gi»t-r  chain  for- image  -1-11 

(  -  2.0  ( 

pget-r  chamfer-image  -1  0)1 

(  -  3-0  1 

pget-r  chamfer-imagc  - 1  1 )) 

■  fer-image) 
reel  ion  - 

pgel-r  chamfer-image  0  0  ) 

Z.O  (pget-r  chamfer-image  0  l  i) 
,1.(1  fpget-r  chamfer-image  1  I  j) 
i  -  2.0  (pget-r  chamfer-image  1  0  |) 

(  -  3.0  (pget-r  chamfer-imagc  1  -l))) 
chamfer-image)) 


Figure  3-1:  DEFIU 
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One  of  the  most  important  of  the  arguments  to  a 
DEFIU  function  is  the  Function  Application  Mask 
(F 4Vll  ¥?%  F.4M  m  a  PtrnrtroT  ihat  m.  fe_ 

passed  into  a  DEFIL  function  to  determine  whether 
that  function  is  applied  to  each  individual  pixel.  This 
mechanism  can  be  used  to  restrict  the  application  of  a 
function  to  a  particular  part  of  an  image  based  on  the 
row  and  column  index,  a  mask  image,  the  pixel's  value 
or  any  test  that  can  be  done  with  the  full  Hexibilitv  of 
LISP. 

DEFIL  provides  error  checking  and  recovery  facil¬ 
ities  to  insure  that  objects  are  of  the  appropriate  type 
and  that  any  objects  created  are  destroyed  if  the  func¬ 
tion  has  an  error  or  is  aborted.  This  sort  of  error 
recovery  is  important  when  writing  functions  to  ensure 
that  the  environment  is  not  filled  with  objects  that 
have  corrupted  data. 

The  default  boundary  checking  in  DEI’  IL  ensures 
that  no  reference  will  ever  be  outside  the  bounds  of  an 
object.  This  default  can  be  overridden  on  each  image 
individually,  so  a  constant  value  will  be  returned  by 
any  reference  outside  the  image.  Specifying  boundary 
checking  once  for  a.  object,  rather  than  at  every 
access,  has  proven  to  be  a  very  useful  feature. 


4.  SYSTEM  DATABASES  AND  BROWSERS 


Several  databases  have  been  develolped  that 
automatically  record  objects  and  their  interactions. 
This  provides  a  mechanism  for  storing  and  finding 
objects  and  their  relations.  Four  different  databases 
have  been  developed:  the  Perceptual  Structures 
Database  (PSDB),  the  Environmental  Database  (EDB), 
the  Long  Term  Database  (LTDB),  and  the  Program¬ 
mers  Database  (PDB).  These  databases  are  imple¬ 
mented  as  lists  of  objects,  so  that  additional  databases 
can  be  easily  created  by  an  application.  The  PDB  and 
the  LTDB  are  maintained  in  disk  files  that  are 
automatically  read  when  the  system  is  started.  All  of 
these  databases  are  accessible  through  a  common  and 
extensible  query  taiiguagc  and  interacti  ve  Wowsers. 


4.1  PERCEPTUAL  STRUCTURES  DATABASE 

The  Perceptual  Structures  Database  (PSDB)  con¬ 
tains  all  of  the  globally  accessible  perceptual  structures 
generated  by  an  application.  The  perceptual  structures 
include  points,  edges  and  regions,  as  well  as  recursive, 
structure-based  groupings  of  these.  The  database  has 
two  primary  purposes:  to  make  an  image  understand¬ 
ing  environment  easier  to  use  by  providing  a  central 
place  to  find  perceptual  objects,  and  to  provide  a 
means  of  communication  between  different  parts  of  an 
application.  With  this  database,  and  tools  for  explor¬ 
ing  it  such  as  filters  and  browsers,  a  user  can  refer  to 
objects  by  referring  to  their  characteristics  as  well  as 
their  names. 


The  PSDB  contains  images  and  all  of  the  objects 
extracted  from  them.  Because  of  its  potentially  large 
*mA> fa  is  tagiufe.'O  iik.-Htwfe'wMjr.  tM  only 
large-grained  objects,  such  as  images,  stacks,  pyramids, 
and  groups,  at  the  top  level.  This  has  two  advantages: 
it  combines  the  information  in  the  database  to  make  it 
easier  to  use  and  it  makes  queries  more  efficient  by 
quickly  ruling  out  potential  matches  for  a  query.  The 
general  combining  mechanism  is  a  construct  called  a 
group  that  contains  a  list  of  objects.  A  group  inherits 
some  of  the  properties  of  its  contents  and  can  be  used 
with  all  of  the  database  tools.  Each  top-level  entry  in 
the  PSDB  has  slots  for  time  of  creation,  parents,  chil¬ 
dren,  name  and  number.  The  name  slot  contains  the 
name  of  a  global  variable  that  is  bound  to  that  object 
and  the  number  slot  contains  a  number  that  refers  to 
that  object  as  well.  The  parents  slot  atid  the  children 
slot  are  used  to  make  connections  to  the  entries  in  the 
EDB.  Through  these  connections,  a  user  ran  look  at 
the  complete  processing  history  of  an  object. 

4.2  ENVIRONMENTAL  DATABASE 

The  Environmental  Database  (EDB)  records  func¬ 
tion  calls,  their  input  parameters,  and  their  results. 
Each  record  in  the  EDB  consists  of  a  time  stamp,  the 
name  of  the  function  applied,  the  parameters  supplied 
to  the  function,  the  input  Perceptual  Structure  Data¬ 
base  Objects  (PSDBOs),  the  output  PSDBOs,  notes 
included  by  the  function  writer,  notes  added  by  the 
function  caller,  and  the  name  of  the  person  that  called 
the  function.  When  an  entry  is  made  in  the  EDB,  that 
entry  is  added  to  the  children  of  each  of  the  input 
PSDBOs  and  to  the  parent  of  each  of  the  output 
PSDBOs.  In  the  example  Figure  4-1,  the  EDB  records 
generated  by  a  call  first  to  “vgradient",  and  then  to 
gradient-non-maxima-suppression  are  shown. 
Gradient-non-maxima-suppression  vector,  called  by 
gradient-non-m-axima-suppression-vector,  actually  gen¬ 
erated  the  returned  result.  By  querying  the  EDB.  -.11  of 
the  PSDBOs  generated  by  vgradient  or  all  record .  that 
have  a  specific  note  attached  to  them  can  be  found. 
Since  PSDBOs  are  linked  to  records  in  the  EDB.  the 
complete  process'in.  history  of  an  object  can  be  shown 
This  history  is  useful  to  track  down  why  an  error 
occurred.  The  availability  of  object  histories  allows 
both  manual  and  automatic  storage  management. 
Sluw  U  |b»  PSDU  odiwrtl&Wy  Iwge  fttrti 

cannot  be  reclaimed  by  normal  LISP  garbage  collection 
while  they  are  in  a  database,  it  is  necessary  to  be  able 
to  remove  objects  from  the  PSDB.  This  creates  a  prob¬ 
lem  for  the  EDB  because  the  pointers  to  deleted  PSDB 
objects  must  be  removed  from  function  records.  This  is 
handled  by  replacing  pointers  to  a  deleted  PSDB  object 
with  the  object's  parent  EDB  record.  In  this  way, 
space  is  traded  for  time.  The  exact  result  can  be  regen¬ 
erated  by  using  the  parent  EDB  record  to  call  the  same 
function  with  the  same  parameters. 


Parameter*  {({IMAGE  8  8  6535679)  F AM  NIL ‘LEVEL  0  ‘NOTES  **) 

Outputs  (»[QRADIENT  IMAGE. t5  15  6651032)) 

System  Notes  ‘VgradiBnt  calculated  in  a  2  by  2  neighborhood  * 

User  Notes  "Remember  that  the  input  image  has  been  smoothed  twice  * 

Typo  I  GRADIENT  NON  MAXIMA  SUPPRESSION 

Parameters  (({GRADIENT  IMAGE  IS  15  6651032)  I0o  8  USE  GRADIENT  MAGNITUDE  NIL  NOTES 
Outputs  (({IMAGE- 16  16  66509921  #|  IMAGE  17  17  6651083]) 

Type  I  GRADIENT  NON  MAXIMA  SUPPRESSION-VECTOR 

Parameters  (({GRADIENT  IMAGE  15  156651032)  1  Oe-fi  ( AM  NIL  (EVELO  NOTES**) 

Outputs  (({IMAGE  1C  16  6650992]  |(  I  MAGE  -17  1 7  6651 0B3|| 


Figure  -1-1:  Environmental  Database  Objeet 

4.3  LONG  TERM  DATABASE 

The  Long  Term  Database  (LTDB)  contains 
descriptions  of  all  permanent  PSDB  objects.  The 
LTDB  helps  when  developing  an  application  to  manage 
the  large  numher  of  objects  that  are  stored.  Having  a 
large  number  of  images  and  preprocessed  results  avail¬ 
able  saves  time  in  testing  image  understanding  routines 
and  makes  it  possible  to  test  a  routine  on  a  variety  of 
data  sets.  Each  entry  has  a  name,  type,  creation-date, 
source,  documentation,  directory,  files,  keywords  and 
history  slot. 

4.4  PROGRAMMERS  DATABASE 

The  Programmers  Database  (PDB)  automates  the 
management  of  function  and  object  definitions.  It 
enables  a  user  to  browse  through  the  code  generated  by 
others  to  avoid  duplicating  work.  This  is  particularly 
important  whore  the  environment  is  being  used  by 
many  people  working  on  different  applications  who  are 
not  directly  communicating  with  each  other. 

Automatic  maintenance  of  the  PDB  is  important 
because  users  might  not  spend  the  effort  needed  to 
mainta'n  it  manually.  Entries  in  tne  run  are  automat¬ 
ically  updated  each  time  a  file  is  compiled.  It  is  also 
oncsihin  to  ^pronte  Aicniuf'ii' alLon  frt-m  Lhe  documen¬ 
tation  in  files. 

Entries  in  the  PDB  have  slots  for  the  type,  name, 

paramLltTs,  dociim..nl.,iUon,  me,  .miboi,  ,uiu  ii,m  ol 

last  modification.  Figure  4-2  shows  the  PDB  entry  for 
the  vgradient  function.  Using  the  information  in  these 
fields,  it  is  easy  to  use  the  text  browser  to  find  code 
with  specific  properties. 


#<PDB  !UL:VGRADIENT> 

Type.  DEFIU 

Name:  IULVGRADIENT 

Parameters:  (IMG) 

Documentation;  ‘Calculate  the  gradient  at  each  point  in  an  image  using  2  by  2  neighborhoods  " 

Author;  CHRIS 

Date:  12/02/86  16:23:12 

File.  IUL:  RMOO;  IMAGEFUNS.BIN. NEWEST 

Keywords:  (UTILITY  ‘Calculate  the  gradient  at  each  point  in  an  image  using  2  by  2 
neighborhoods.*  CHRIS  IUL:  RMOD.  IMAGEFUNS  BIN. NEWEST  IULVGRADIENT 

Figure  1-2:  Programmers  Database  Object 


4.5  FILTER  FUNCTIONS 

A  query  language  is  used  to  access  the  databases. 
The  language  is  designed  with  the  same  kind  of  modu¬ 
larity  and  combination  that  is  found  in  Unix  pipes,  but 
with  more  flexibility.  The  language  is  based  on  the 
combination  of  filter  functions  into  filters. 

A  filter  is  a  macro  that  generates  LISP  from  filter 
functions  and  the  logical  combiners  AND,  OR,  NOT. 
A  filter  function  takes  a  list  as  its  first  parameter,  and, 
together  with  optional  additional  parameters,  returns  a 
list  as  its  result.  The  logical  combiners  specify  how  the 
results  of  filter  functions  are  piped  into  other  filter 
functions.  This  includes  the  generation  of  temporary 
bindings  and  set  union  (OR),  or  difference  (NOT)  code. 
Filters  are  efficient  because  they  expand  into  some 
optimal,  but  harder  to  understand  LISP  code.  They 
are  very  flexible  because  the  only  convention  is  that  the 
first  parameter  and  the  results  are  lists.  There  are  no 
constraints  on  what  the  elements  of  list  are,  although 
they  are  usually  objects.  What  happens  in  a  filter 
function  can  range  from  simple  attribute  checking  to  a 
complex  search  or  pattern  matching  operation.  The 
objects  returned  are  usually  a  subset  of  the  original 

ohjirCbS,  but  fail  be  a  superset  OT  eVeli  a  ytiliipletfdy 

different  set  of  objects.  There  are  three  different  gen¬ 
eral  classes  of  filter  functions:  selectors,  transformers, 
and  modifiers. 

“Selectors”  produce  a  subset  of  the  original  list  as 
their  result.  This  is  the  most  common  type  of  filter 
function.  “Transformers”  take  in  a  list  and  produce  a 
list  of  completely  different  objects.  “Modifiers”  change 
some  aspect  of  the  objects  and  then  return  the  objects 
as  their  result.  Side  effects  in  a  query  can  be  very  use¬ 
ful.  For  example,  long  edges  can  be  chosen,  their  orien¬ 
tation  computed  and  stored,  and  then  only  the  horizon¬ 
tal  edges  selected. 

UuCftdst  ih . i ; it t.j  if,  lilt  fisas  arc  usually  objects, 
there  are  a  number  of  generic  filter  functions  in  the 
core  system.  Some  of  these  are  ransef,  memberf, 
string!',  and  timef.  “Rangef”  selects  objects  that  have 
a  slot  value  between  two  other  values  (or  equal  to  the 
first  if  there  is  only  one  parameter).  “Memberf”  selects 
rthjj  rf*  wttl  a  slot  i  Hfel  w  p  TmmV.?  f  its  -weo-  M 
parameter.  “Stringf”  selects  objects  that  have  its 
second  parameter  as  a  substring  of  the  objects  slot 
value,  “Timef"  selects  objects  that  have  a  slot  value 
between  times.  “Collectf”  is  a  transformer  that  col¬ 
lects  all  of  the  objects  slot  values  into  a  list  and  then 
returns  the  list.  There  are  also  a  number  of  special 
purpose  filter  functions  for  specific  applications.  These 
functions  can  be  combined  and  used  in  many  different 
situations. 
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Some  example  filters  include: 

(filter  *pdb* 

imemberf  :author  ’(chris  phil)) 
timef  :date  "Jan  l”) 
or  (stringf  ikeywords  ’’edge”) 

(stringf  keywords  ’’curve”))) 

Return  all  entries  in. the  Programmers 
database  that  were  written  by  chris  or  phil 
after  January  1  of  this  year  that  have 
something  to  do  with  edges  or  curves. 

(filter  13 

(near-object  ‘curve*  10) 

[within-filter  :avg-intensity  3)) 

Return  all  curves  in  group  13  (an  application 
specific  database)  that  are  within  10  pixels  of  the 
curves  position  in  its  label  plane  and  are  within 
3  of  the  objects  average  intensity. 


4.0  BROWSERS 

Browsers  are  an  interactive  query  mechanism  for 
finding  and  exploring  relationships  between  objects. 
Three  different  types  of  browsers  have  been  designed 
and  partially  implemented:  a  general  tf  t-oriented 
browser,  an  image  browser  and  a  graph  browser.  All  of 
he  browsers  maximize  the  amount  of  information 
Dreadth  or  depth  presented  at  one  time  and  provide  a 
means  to  interactively  apply  functions  to  selected 
objects.  They  follow  the  filter  function  convention  of 
using  lists  as  their  first  parameter  and  of  producing 
lists  as  results,  so  they  can  be  used  in  the  midst  of  a 
filter. 


4.0.1  Text  Browser 

The  text-oriented  browser  works  with  any  object 
and  provides  an  easy  interface  to  interactively  apply 
functions.  There  are  two  different  display  modes.  The 
"object/line  mode”  presents  each  object  on  a  single  line 
of  text  divided  into  fields  and  maximizes  the  breadth  of 
information  that  can  be  seen  at  one  time.  The 
"field  line”  mode  displays  one  object  at  a  time  with 
one  field  per  line,  maximizing  the  depth  of  information 
displayed  about  that  one  object.  The  object  line 
display  is  useful  when  looking  for  a  specific  set  of 
objects.  As  the  set  of  objects  is  narrowed  down,  the  set 
of  objects  that  meet  selected  specifications  are  shown. 
The  field/line  display  is  useful  when  stepping  through  a 
subset  of  the  objects  in  a  database,  looking  at  each 
object  in  detail.  Figure  -4-3  shows  the  text  browser 
being  applied  to  the  PDR. 

4.0.2  Image  Browser 

The  image  browser  displays  reduced  resolution 
pictures  of  objects.  Usually  a  text  browser  or  a  filter  is 
used  to  narrow  down  the  number  of  images  to  browse. 
The  image  browser  can  be  used  to  scroll  through  the 
pictures,  look  at  their  entries  in  the  LTDB  and  load  the 
objects.  The  pictures  are  generated  automatically  on  a 
request  to  browse  a  specific  object  and  then  stored  so 
that  if  that  object  is  browsed  again,  the  browser  can 
use  the  previously  generated  picture. 


Figure  4-3:  Text  Browser 


4.0.3  Graph  Browser 

The  graph  browser  displays  objects  and  the  rela¬ 
tionships  between  them.  In  the  same  way  that  the 
image  browser  :ihows  what  a  stored  object  looks  like 
more  clearly  than  its  textual  description,  the  graph 
browser  shows  the  connections  between  objects  more 
clearly.  It  can  be  used  to  look  at  the  relationships 
between  objects  in  the  PSDB  and  EDB,  or  to  trace  the 
processing  flow  through  object  models. 


6.  DISPLAY  SUBSYSTEM 


The  display  system  is  built  around  the  family  of 
messages  described  in  the  section  r.u  object  access. 
Each  routine  contains  two  main  pieces:  an  iteration 
scheme  for  scanning  and  accessing  the  object  using  the 
basic  messages,  and  the  code  needed  to  display  the 
object  on  the  screen.  Because  all  objects  can  be 
accessed  the  same  way,  a  small  set  of  display  functions 
can  be  used  on  a  wide  variety  of  objects.  The  use  of 
virtual  objects  enhances  and  simplifies  the  display  sys¬ 
tem.  Rather  than  having  options  to  scale,  reduce, 
zoom  (etc)  images  in  the  display  routine,  a  virtual 
object  can  be  created  that  captures  the  desired  func¬ 
tionality.  The  display  function  can  concentrate  simply 
on  presenting  an  object. 

The  use-  interacts  with  the  display  system 
through  a  single  function  (the  “D”  function)  as  shown 
in  Figure  5-1.  This  function  plays  two  roles.  It  han¬ 
dles  many  of  the  tedious  details  associated  with  window 
management,  and  it  provides  a  uniform  syntax  for  issu¬ 
ing  display  commands.  The  current  pan,  zoom,  offset, 
sub-image  and  sampling  rate  for  each  window  are 
stored  in  an  internal  database  and  can  be  used  as  the 
default  in  subsequent  displays  (for  displays  that  sup¬ 
port  these  features).  Windows  can  be  assigned  as 
viewports  on  other  windows  and  are  automatically 
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In  general,  a  display  is  colored  based  on  the  value 
of  the  underlying  object.  However,  this  default  can  be 
overridden  by  over-coloring,  another  display  option. 
For  example,  a  mountain  of  elevation  200  can  be 
displayed  in  color  200  in  a  standard  call  to  the  surface 
display.  However,  it  is  often  desirable  to  guide  a 
display  with  one  set  of  objects,  and  coior  it  with 
another.  A  surface  display  may  use  a  terrain  image  as 
the  source  of  elevation  data,  and  a  feature  image  to 
color  each  point.  Another  example  is  to  use  a  horizon¬ 
tal  gradient  and  vertical  gradient  image  to  display  a 
vector  field  but  use  the  absolute  magnitude  of  the  pixel 
underlying  the  vector  as  the  color.  Both  these  tasks 
are  straightforward  using  the  over-color.  Over-colors, 
similar  to  FAMs,  are  objects  in  direct  correspondence 
with  an  object  being  displayed.  Rather  than  serving  as 
a  binary  mask,  it  is  used  as  the  color  indicator.  Over- 
colors  can  also  be  fixed  values  (as  opposed  to  objects)  if 
a  monochrome  display  is  desired. 

The  following  display  routines  are  available  in  the 
initial  environment. 


•  Pixel:  Basic  display. 

•  Edge:  A  pixel  and  its  neighbors  are  submitted 
to  an  edge  function,  and,  if  this  function 
returns  non-zero  or  non-nil,  the  pixel  is  plotted. 

•  Vector:  Expects  two  images,  the  first  specifies 
the  horizontal  component  of  each  vector  and 
the  second  is  the  vertical  component.  Vectors 
are  based  on  imaginary  grid  lines  through  the 
image.  The  grid  position  and  size  can  be 
specified  by  the  user.  FAMs  can  also  be  used 
to  mask  off  the  grid. 

•  Surfarf  •  )-VrH)*rtiv  'Vq  lay  of  U>|  'imatP  Ui*er- 
preted  as  elevation  data.  Appears  as  a  warped 
grid  of  lines.  Position,  elevation  above  the 
ground,  pan  and  tilt  angle,  maximum  visibility, 
field  of  view,  and  resolution  can  all  be  specified. 
This  routine  optionally  builds  a  visibility  mask: 
a  binary  array  where  pixels  visible  from  the 
currei.l  orieiAatkift  art  indicated. 

•  Paint:  Surface  display  with  shading.  This  rou¬ 
tine  optionally  stores  the  inverse  transform 
from  perspective  coordinates  back  to  image 
coordinates  for  every  point  on  the  viewing  sur¬ 
face. 

•  Curve:  Iterates  as  follows  over  its  arguments: 
For  all  ID  indices,  at  the  2D  POSITION,  plot 
the  ID  VALUE,  connecting  adjacent  points. 
Like  the  region  display  below,  this  routine  is 
optimized  for  particular  objects,  namely  ID 
curves.  Note  that  an  image  is  also  displayable 
with  this  routine. 

•  Region:  Iterates  as  follows  over  its  arguments: 
For  all  rows  and  all  columns  in  the  2D  BOUN¬ 
DARIES,  plot  the  2D  VALUE  at  row, column. 
This  routine  is  optimized  for  region  objects 
stored  as  ehairi  codes  hut  also  function:; 
correctly  (if  slowly)  on  curves  and  images. 


1)  Display  Zero-Crossings  in  Red: 

(d  :edge  (mvo  :PMF  (smooth-n  image  2)  (smooth-n  image  4)) 
:edge-function  '(lambda  (pi  p2)  (not  (=  (sign  pl)(sign  p2 )) )) 

:over-color  red) 

2)  Contour  plot  every  'contour*  levels: 

(d  :edge  image  :edge-function  '(lambda  (pi  p2) 

(not  (=  (//  pi  'contour') 

(//  p2  'contour'))))) 

3)  Vector  display  of  the  gradient,  colored  by  the  magnitude: 

(d  :vector  (mvo  :nmf  (#’-  meighborhood  ’(1  2)  reduction  '(11))  image) 
(mvo  :nmf  (#'-  meigLborhood  ’(2  1)  reduction  (1  1))  image) 
:over-color  image) 

4)  Display  a  virtual  closed  curve  composed  of  3  connected  smaller  curves 

(d  :curve  (mvo  connect  (:wrap-around  t)  curvel  curve2  curve3)) 

Figure  5-1:  Display  Examples 

updated  as  the  main  window  is  changed.  All  display 
commands  are  stored  and  can  be  reexecuted  and  cycled 
on  a  window  by  window  basis.  Each  window  can  be 
assigned  a  set  of  colors  (or  dashed  line  patterns  on  a 
monochrome  display)  that  can  be  used  or  cycled  in  par¬ 
ticular  displays.  The  interface  function  also  checks  for 
errors  in  the  calling  parameters  of  a  particular  display 
routine  before  the  function  is  called,  and  can  route  a 
display  request  to  an  optimized  routine  when  appropri¬ 
ate. 

The  D  function  also  simplifies  the  implementation 
of  display  routines.  It  can  do  some  of  the  error  check¬ 
ing  normally  associated  with  a  display  function.  The 
i.,ur(';m  manages  the  task  of  defaulting  display  param 
elers  for  each  window,  so  the  programmer  can  depend 
on  his  display  routine  being  called  with  actual,  valid 
values.  The  interface  is  responsible  for  queueing 
display  commands  and  handling  viewports,  removing 
the  burden  from  the  actual  display  routine.  The 
researcher  can  use  any  of  the  above  features  when 
installing  his  new  display  routine  by  characterizing  his 
program  in  any  of  the  several  internal  databases  that 
handle  display  requests. 

Displays  can  be  modified  to  highlight  selected 
attributes  through  the  use  of  Function  Application 
VI asks  (FAMs).  A  function  application  mask  (FAM)  is 

ixi,  i  j  t  lit  uu  Cvit  cf>i  t cSpoiidciic'j  wit'll  tile  object 

being  displayed.  It  serves  as  binary  mask  that  deter¬ 
mines  whether  or  not  a  particular  data  point  should  be 
displayed.  For  example,  in  a  3D  terrain  display,  a 
FAM  can  be  used  to  flatten  a  group  of  mountains  and 
see  what’s  behind  them  by  inhibiting  the  display  of  any 
pixels  corresponding  to  the  range.  Another  example  is 
to  use  a  FAM  in  a  vector  display  so  that  only  vectors 
of  a  certain  magnitude  are  allowed.  Note  that  in  this 
case,  the  FAM  object  is  actually  more  complicated  than 
the  data  objects  (which  supply  the  delta- X  and  delta-Y 
values)  because  if  must  reference  both  data  sources  and 
threshold  their  cartesian  length.  Note  that  a  FAM  is 
not  needed  for  the  first  example  -  a  virtual  object  can 
be  created  that  incorporates  both  the  original  terrain 
elevation  data  and  the  terrain  feature  data,  and  zeros 
the  elevation  wherever  a  amtHrtaht  fe  iudif  Veil  *  bat  te 
required  in  the  second  example  where  no  vector  (as 
opposed  to  a  zero  length  vector)  is  desired. 
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There  is  also  a  routine  called  display-values  that 
allows  a  user  to  interactively  select  points  in  multiple 
objects  and  apply  arbitrary  functions  to  the  returned 
values.  With  this,  a  user  can  browse  '‘inside"  an  object, 
description.  It  also  allows  the  user  to  manually  super¬ 
vise  localized  processing.  The  user  can  also  modify  the 
underlying  objects  based  on  data  he  can  interactively 
indicate  in  this  routine.  Display-values  is  especially 
useful  when  applied  to  label  planes  -  functions  can  be 
applied  to  user  selected  objects.  A  routine  for  interac¬ 
tively  segmenting  an  image  into  point,  curve  and  region 
objects  has  been  built  on  top  of  this  function. 


6.  SUMMARY 


The  variety  and  flexibility  of  this  computer  vision 
development  environment  allows  us.  to  quickly  imple¬ 
ment  and  experiment  with  new  algorithms  and 
approaches.  The  combination  of  a  of  basic  extendi¬ 
ble  objects  with  uniform  interfaces,  virtual  objects,  sys¬ 
tem  databases,  interactive  browsers  and  a  powerful 
display  system  is  a  synergistic  one.  Each  piece 
amplifies  the  usefulness  of  the  others.  The  environment 
has  been  successfully  developed  and  used  by  researchers 
working  on  a  variety  of  problems.  They  have  found 
the  overall  environment  easy  to  use  and  powerful, 
although  there  are  still  areas  that  need  additional 
development.  Most  of  the  constructs  described  in  this 
paper  have  been  implemented  for  the  Symbolics  LISP 
machine  using  ZetaLisp  and  Flavors.  The  system  is 
currently  being  ported  to -a  Commonlisp  environment. 
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ABSTRACT 

A  knowledge-based  system  for  interpreting  aerial  photo¬ 
graphs,  Picture  Query  (PQ),  first  segments  an  image  into 
primitive,  homogeneous  regions,  then  searches  among  combina¬ 
tions  of  these  to  find  instances  which  satisfy  definitions  of 
object  types.  If  primary  evidence  is  insufficient,  there  may  be 
an  hypotlu-sis-based  search  for  the  supporting  evidence  of 
related  objects.  This  secondary  search  is  restricted  to  windows 
by  expected  spatial  relations.  First  instances  are  improved  by 
searching  for  overlapping  variants  having  better  goodness-of- 
figure.  The  process  may  be  repeated  using  re-estimated  param¬ 
eters  of  object  definitions  based  on  instances  found  previously. 
Results  are  reported  for  images  of  suburban  neighborhoods, 
including  roads,  houses,  and  their  shadows. 

1.  INTRODUCTION 

At,  n.  lysis  4i. j  iiitcTpreH&foii  J  images  are  tl»  principal 
objectives  of  computer  vision.  This  report  describes  a  system, 
called  Picture  Query  (PQ),  for  two-dimensional  interpretation 
of  images  and  its  application  to  aerial  photos  of  suburban 
neighborhoods. 

There  are  many  hua£e  Segliiciitatioli  methods  b'aSed  on 
intrinsic,  usually  local,  image  properties,  such  as  reflectance, 
texture,  or  adjacency.  Some  use  simple  parameters  or  rules 
derived  from  semantical  or  physical  considerations  about  very 
restricted  scenes,  in  addition  to  heuristics  about  general 
imagery.  However,  this  information  is  inadequate  for  defining 
even  common  objects;  most  of  these  methods  do  not  model 
important  geometric  properties.  Consequently,  such  segmenla- 
uion  methods  do  not  icliauly  aegnltnv  icgiouo  Coi icSpoiiduig  Vo 
important  objects,  and  their  behavior  is  difficult  to  character¬ 
ize. 

Our  system  defines  types  of  and  relations  among  objects, 
and  uses  these  definitions  to  test  for  instances.  It  also  uses  an 
initial,  hierarchical  segmentation  and  a  heuristic  search  to 
incrementally  segment  the  image  into  specified  objects  by 
merging.  Because  of  the  use  of  general  definitions,  incremental 
instantiation,  and  complete  search,  the  results  are  reliable,  and 
the  procedure  is  easy  to  characterize. 


PQ  consists  of  three  subsystems:  a  high-level  vision  sys¬ 
tem  (HLVS)  representing  goals  or  queries  and  knowledge  about 
objects,  a  low-level  vision  system  (LLVS)  for  image  segmenta¬ 
tion  and  evaluation  of  predicates,  and  a  graph  search  pro¬ 
cedure  to  find  instances  by  merging  and  testing. 

The  LLVS  segments  the  image  into  a  one-parameter  fam¬ 
ily  of  segmentations  containing  increasingly  refined  connected 
components.  For  each  object  type,  a  suitable  segmentation  is 
used  as  a  basis  for  a  heuristic  search  to  find  instances,  by 
merging  combinations  of  components  and  testing  their  proper¬ 
ties  and  relations.  The  HLVS  communicates  with  the  user 
about  goals  and  about  definitions  of  objects  by  image  predi¬ 
cates,  maintains  a  database  of  current  interpretations,  and 
provides  segmentation,  search,  and  optimization  procedures 
with  parameters  associated  with  object  types. 

lnqiorla  ..t,  characteristics  of  PQ’s  data  repWBKitaiUM.  arc 
description  of  object  types  by  genera!  image  predicates,  includ¬ 
ing  geometric  ones,  which  are  evaluated  logically,  and 
representation  of  images  by  attributed  adjacency  graphs  asso¬ 
ciated  Wtli  rJItiet!  segmentation*  into  tot.i—clvd  v<-u. 

ponents.  Other  important  characteristics  of  the  control  struc¬ 
ture  are  reinterpretation  with  adjusted  parameters,  optimiza¬ 
tion  of  instances  for  goodness-of-figure,  and  reasoning  with 
expected  spatial  relations.  These  will  be  explained  further  in 
appropriate  chapters. 

2.  HIGH-LEVEL  VISION  SYSTEM 

The  High-Level  Vision  System  (HLVS)  interactively  com¬ 
municates  with  the  user  concerning  queries,  parameters,  and 
definitions  of  objects  to  be  found  in  images.  It  represents 
descriptions  of  types  of  objects,  as  well  as  associated  parame- 
t ,  i b  which  al  e  Uocd  d  111  mg  ScglimlitaMun,  utaidi,  dud  OptiilTlza- 
tion.  In  addition,  it  maintains  a  database  of  facts  giving  the 
current  state  of  interpretation.  We  may  consider  this  system 
to  be  the  interpreter  ot  the  image  data,  but  especially  of  the 
uninterpreted,  primitive  segmentation  given  by  the  Low-Level 
Viiicj,  S£iUrn  ik-k  ii'lwwuwtiw  jpK&edH  by 

tic  search  for  instances  of  object  types.  The  LLVS  and  the 
search  procedure  will  be  described  in  the  next  two  chapters. 

In  a  complex  scene,  segmentation  by  a  fixed  procedure 
usually  docs  not  allow  simple  identification  of  important  parts 
of  an  image.  Some  objects  may  appear  to  be  fragmented  with 
any  choice  of  parameters,  so  that  merging  may  be  necessary; 
also,  some  segmentations  arc  more  suitable  for  finding  some 
object  types  than  others.  In  addition,  interpretation  may 
depend  on  more  complicated  reasoning  involving  the  existence 
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and  loeations  of  secondary  objeets.  Finally,  having  identified 
some  instances  of  objeets,  it  may  be  necessary  to  adjust  some 
parameter  values  so  that  the  remaining  instances  may  be 
discovered. 

We  now  describe  the  types  of  knowledge  used  by  the 
HLVS  to  control  interpretation,  including  modeling  of  objects 
by  definitions  with  parameters,  reinterpretation  with  adjusted 
parameters,  optimization  of  instances  according  to  goodness  of 
figure,  and  contingent  search  using  spatial  relations. 

2.1.  Object  modeling 

The  models  of  objeets  are  descriptions  of  their  properties 
and  relations  aA  thej.  appeal  ju  images.  Here  we  aie  concerned 
with  two-dimensional  interpretation  of  images,  so  that  we  will 
i^ulir,  with  J  im  i0ec,  Jtli  ,>g  I  Terr,  by 

image  predicates,  for  example,  by  grey-value  statistics,  areas 
and  distances,  and  tangent  directions  of  boundary  chains. 

Ordinarily,  an  instance  of  an  object  type  is  a  single  con¬ 
nected  component,  although  it  may  also  consist  of  multiple 
cmd  amu-iiLi  S;  Uj&l  wJiMi  aw  rat*  *Ml  ci!  SSftw  or 

different  object  types,  for  example,  between  adjacent  houses  or 
between  houses  and  their  shadows. 

riie  desci  iption  of  an  object  type  consists  of  properties  ol 
and  relations  between  connected  components  or  their  boun¬ 
daries.  In  our  system,  these  include  adjacency  and  relative 
position,  average  grey-value,  area,  compactness,  boundary 
length,  and  rectilinearity. 

<"■-  .  te  are  defffud  by  Tj-cmifi  .rt'A  ity  <3oinpua.mss 

is  defined  by  the  ratio  of  area  to  squared  perimeter,  and  is 
used  as  a  good ness-of- figure  measure  for  houses  since  it 
decreases  when  holes  and  gaps  arc  present.  A  component  is 
said  to  be  rectilinear  if  more  than  half  of  the  tangents  to  its 
boundary  lie  in  some  pair  of  orthogonal  directions. 

The  definitions  of  object,  types  by  predicates  have  the 
form  of  conjunctions  of  inequalities  involving  property 
functions.  For  example,  house(x)  =-  (min <  area(x)  <max) 
and  (min <  brightness(x)  <max)  and  (min<  compactncss(x)) 

and  (ntin  .  run  Lit'  *<*l  fyJ>U,  ^  there  are 
ter  bounds.  In  our  present  system,  we  only  define  road  com¬ 
plexes,  that  is,  connected  complexes  of  streets  and  driveways 
which  are  not  analyzed  further.  Shadows  and  houses  are 
defined  with  the  same  property  functions,  while  road  com¬ 
plexes  are  not  tested  for  area  or  rectilinearity;  different  param¬ 
eter  «e  a.svjr fated  with  different  object  type's. 

Relative  position  is  defined  by  a  window  of  given  size  and 
a  position  specified  relative  to  some  known  object  in  the 
image.  It  is  used  to  restrict  contingent  searches  for  secondary 
objects  which  might  provide  supporting  evidence  or  whose 
existent  *  iJh^w  srpwt**,  tftr  ctkfellFv 

lor  a  house  is  insufficient,  supporting  evidence  of  its  shadow 
might  be  sought.  Also,  if  a  row  of  houses  has  been  found,  a 
search  might,  disclose  intermediate  instances  where  there  are 
large  gaps  in  the  row. 

2.2.  Parameter  adjustment 

Parameters  of  object  descriptions  are  usually  derived 
from  prior  expert  opinion  about  the  given  domain.  However, 
these  may  not  be  very  useful  in  general  because  of  variations 
due  to  imaging,  for  example,  roofs  may  appear  to  be  brown¬ 
ish  rather  than  silver-white,  due  to  inclination  of  the  sun,  or  (o 
irfiofttt  4l«tasiiecB.  ,1*  *  sw,lt  0f  itll  yfcjfci 

may  be  found,  while  others  are  not. 


Our  system  attempts  to  confirm  whether  the  parameters 
of  the  model  are  correct,  comparing  the  means  of  properties  of 
found  instances  to  current  model  parameter  values.  If  the 
difference  is  large,  the  image  is  reinterpreted  with  respect  to  an 
adjusted  object  description,  using  the  means  as  new  parameter 
values,  but  with  tighter  bounds  than  at  first.  This  readjust¬ 
ment.  of  parameters  may  be  repeated  until  the  results  are 
unchan  ged. 

2.3.  Optimization  of  instances 

When  an  acceptable  instance  of  an  object  type  is  first 
found  by  merging  primitive  components,  it  may  be  that  there 
are  variant,  regions,  overlapping  the  one  first  found,  which  are 
more  acceptable  as  instances.  For  example,  there  may  be  obvi- 
>-.+*•  gaps  HT^gtdwid'ites  m  litrtttrtlsTTcS,  -rttruT  holes. 

We  want  to  find  the  variant  of  the  first-found  instance 
which  has  best  goodness-of-figure  for  the  given  type  of  object. 

1  lie  reason  lor  this  is  that  the  graph  search  procedure  rnay 
slop  with  different  results  depending  on  its  starting  point  (seed 

t;  ;  ;  hr  . . ’ i!.0  . I.  1  .  .  .  „ : 

definitions  must  be  general,  so  that  tests  do  not  discriminate 
against  variable  but  true  instances,  the  search  may  not  stop  at 
tlu  bent  Candid  it  i  arhottg  the  Sit  uf  acceptable  variants. 

I11  the  case  of  man-made  objects,  such  as  houses  and 
roads,  as  well  as  many  natural  objects,  such  as  trees,  instances 
not  only  have  significant  figure-ground  contrast,  but  usually 
have  regular  or  smooth  boundaries  and  filled  interiors.  Objecl 
iMI'Jimui*  u-#u*Ity  WQtttw  &Or»igiffit#y  J  Ptfl-rtten-M  pi\.p  t- 
tios,  guaranteeing  figure-ground  contrast.  It  is  natural,  then,  to 
use  compactness  as  a  measure  of  goodness-of-figure  to  select 
among  variant  instances. 

The  optimization  procedure  is  simple:  starting  with  the 
II rst-l'mUlrl  instance,  Ibid  the  variant  di Tri’g  by  at  ^ne 

primitive  component,  which  is  also  acceptable,  and  having  the 
greatest  compactness.  This  is  repeated  until  no  better  candi¬ 
date  is  found,  with  the  final  best  one  being  returned  as  the 
instance  found  by  the  search  after  optimization.  This  simple 
heuristic  Limredigj-e  luH  {lajUiL '  lo  Itf  tfbuMMe  «  'JC1. 

cases,  but  it  should  be  possible  to  define  similar  measures  of 
goodness-of-figure  for  different,  types  of  objects. 

2.4.  Reasoning  with  spatial  relations 

I  luma  ns  often  use  expected  spatial  relations  among 
..bjei i*>  ir,  a  ^titu  1 1  ,  bud  subtle  01  obscure  instances  whose 
recognition  is  contingent  upon  having  already  found  instances 
of  related  objects.  For  example,  identifying  or  hypothesizing 
elevated  objects,  in  conjunction  with  physical  knowledge, 
makes  it  possible  to  recognize  shadows  or  occluded  objects. 

n  fv  t  '*  l,j *  d  .lop,  ers  of  tvasouing  in  >  wT  V  uTg  spatial  rela¬ 
tions:  prediction  and  confirmation.  On  the  one  hand  having 
found  an  object,  we  may  expect  to  find  spatially  related 
objects  bv  a  restricted  search;  on  the  other  hand,  finding  the 
related  objects  may  tend  to  confirm  our  identification  of  the 
first  object,  which  may  have  been  tentative  or  hypothetical. 
Relations  usually  represent  mutual  information,  even  if  they 
do  not  definitively  identify  either  of  the  related  objects.  Thus 
we  may  use  expected  spatial  relations  to  locate  missing  objects 
or  to  confirm  01  disconlirm  uncertain  hypotheses. 

2.4.1.  Missing  objects 

tv,  ..in,  ,.-,  iinsi .mi i;.  jf  objects,  01  partial  instances,  are 
missed  because  of  I  heir  unusual  appearance  or  because  they 
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are  obscured  For  example,  houses  or  roads  may  be  partly 
overshadowed.  Still,  we  may  expect  them  because  of  our 
knowledge  about  regular  configurations  of  tiuusts  aIoilfa  loads. 

Our  system  attempts  to  recover  missing  houses  using 
expected  relative  positions  between  instances.  A  less  restrictive 
correct  position  relative  to  a  previously  found  instance  but 
which  did  not  itself  yield  an  acceptable  instance  of  a  house 
during  search  by  merging. 

2.4.2.  Supporting  evidence 

There  may  be  considerable  variation  of  appearance  in 
instances  of  a  given  object  type,  so  that  it  may  he  necessary  to 
relax  the  parameters  of  the  definitions  in  order  to  find 
instances  whose  evidence  is  weak.  Furthermore,  in  these  margi¬ 
nal  cases,  our  system  may  consider  evidence  arising  from  any 
types  J  '.bjects  which  are  expected  Pj  lie  spatially  related  to 
an  uncertain  candidate.  For  each  such  type,  a  search  is  made 
in  a  window  positioned  relative  to  the  uncertain  candidate.  If 
some  instance  of  a  related  object  is  found,  then  ideutmcation 
of  the  first  candidate  is  confirmed;  otherwise  it  is  rejected. 

This  concludes  our  description  of  the  1 1 L VS  which 
represents  and  controls  interpretation  of  images.  YVe  now  con¬ 
sider  the  LLVS  which  oroduccs  variably  refined  segmentations 
of  the  image,  along  with  attributed  adjacency  graphs,  and 
then  consider  the  search  procedure  which  generates  and  tests 
merged  regions  to  find  instances  of  object  types. 

3.  LOW-LEVEL  VISION  SYSTEM 

The  LLVS  system  of  PQ  is  quite  simple,  consisting  of 
image  enhancement  by  iteration  of  an  edge-preserving  smooth¬ 
ing  operator,  computation  of  a  one-parameter  family  of 
increasingly  refined  segmentations  of  the  enhanced  image  into 
hotirugctteotts  conftceWd  eotiiputi .ritte,  atvi  a  lib  try  of  furi.  ViuVis 
used  in  defining  object  types  by  predicates  and  in  testing  can¬ 
didate  instances  during  search. 

3.1.  Enhancing  the  image 

Th-e  HtfrU  4s  enWftMrtt  hy  tcpplytt  g  the 

symmetric-nearost-neighbor  (SNN)  operator,  sharpening  edges 
while  llattening  interiors  of  regions  [Harwood,  1984]  This 
operator  is  very  efficient  and  converges  rapidly  without  intro¬ 
ducing  artifacts;  there  are  also  versions  for  vector  images. 
About  20  iterations  are  usually  necessary  to  achieve  a  stable, 
enhanced  image,  one  that  is  99.9  percent  fixed. 

3.2.  Connected  components 

The  enhanced  image  is  segmented  into  homogeneous,  or 
ahnusVcoilstmil,  connected  components  by  a  standard  two- 
pass  routine  for  computing  8-connccted  components,  in  which 
adjacent  pixels  are  regarded  as  connected  if  the  difference  of 
their  feature  values,  here  grey-value  alone,  is  sufficiently  small, 
i.e.,  less  than  the  threshold  parameter  of  the  segmentation. 
Tlw  Ffcfl  %  J  ifieha.irngjy  et+Hied  seg-i.iM.TSiLfi.  i.  p  cram  Ga¬ 
ined  by  this  threshold  value,  with  higher  parameter  values 
resulting  in  segmentations  into  fewer,  larger,  higher-contrast 
components,  and  lower  values  resulting  in  many  smaller, 
lo  w  e  r  -  con  l  ras t  com  po  n  e  n  ts . 

3.3.  Attributed  adjacency  graphs 

Associated  with  each  segmentation  is  an  attributed  graph 
representing  the  adjacency  relation  and  some  properties  (area, 


mean  grey-value)  of  the  primitive  components.  The  family  of 
segmentations,  together  with  their  graphs,  is  the  basis  for  the 
s-atch  j. 1  □  r _ ,  c ft io  to  find  HistatiTifS  ubji-ct 
types  by  merging  components  and  testing  their  properties  and 
relations. 

3.4.  Image  predicates 

During  search,  various  functions  of  candidate  regions  or 
of  their  boundaries  are  repeatedly  computed,  including  area, 
grey-value,  perimeter,  tangent  directions  of  boundary,  so  that 
properties  and  relations  of  candidates  may  be  tested  as  to 
whether  they  satisfv  the  definitions  of  object  types. 

4.  SEARCH  FOR  INSTANCES 

The  search  procedure  is  given  r.  query,  or  goal,  to  return 
the  first-found  instance  of  an  object  type,  found  by  merging 
and  testing  regions  within  a  specified  window.  The  window 
ipfty  entbw  kw#gfc,  w  n  wt  lit  by  etcfwJ  1 

spatial  relations  among  objects.  All  instances  of  an  object  type 
may  be  found  by  successive  searches  of  the  remainder  of  the 
window. 

4.1.  Coarse-to-fine  strategy 

Search  first  uses  a  coarse  segmentation,  chosen  according 
to  prior  knowledge  of  the  expected  size  and  contrast,  of  the 
object  type  in  the  query.  If  necessary,  search  may  continue 
with  more  expensive  computations  based  on  refined  segmenta¬ 
tions,  until  an  instance  is  found,  or  until  the  search  has  failed 
at  every  level.  This  coarse- to- fine  strategy,  beginning  with  an 
initial  segmentation  appropriate  to  the  object  type,  is  efficient 
fur  finding  instances  when  they  exist. 

4.2.  Seeds 

Search  starts  from  seed  components  having  features 
which  are  typical  of  the  object  type.  Since  these  seeds  are 
often  smaller  than  the  complete  instances,  they  have  to  be 
simply  characterized  by  local  features,  such  as  grey-value 
Local  feature  vectors,  based  in  color  or  texture,  would  be 
much  more  useful  for  characterizing  seeds.  The  seeds  may  be 
ordered  by  tmicrcnee  ot  t.neir  mature  values  irom  the  typical 
values  (or  by  likelihood).  In  our  system,  every  object  instance 
found  by  merging  must  originate  from  some  seed  component 
having  typical  grey-value. 

4.3.  Merging  regions 

Our  method  of  search  by  merging  primitive  regions  is  a 
modified  graph  search,  operating  on  the  adjacency  graph  of  a 
segmentation;  it  will  be  described  in  the  following  subsections. 

4.3.1.  Motivation 

It  is  impossible  lo  deline  general  procedures  for  segment¬ 
ing  images  of  natural  objects,  except  when  their  properties  are 
very  uniform,  and  when  object-background  contrast  is  large. 
Simple  procedures  like  recursive  thresholding  or  split  and 
merge  algorithms  are  fairly  olficicnt,  and  give  apparently  good 
segmentations  of  some  images.  But  the  problem  with  these  is 
noi  tfi.it  they  generally  have  wrong  parameters,  but  Ural,  tWy 
do  not  really  search  for  identifiable  objects  or  reason  about 
their  relations. 

There  are  a  number  of  difficulties  in  implementing  search 
procedures  for  interpretation,  including  adequate  description  of 
objects,  evaluation  of  evidence,  efficiency  and  completeness, 
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and  cfTective  Iieurist,ics  for  control.  But  these  difficulties 
seem  to  be  worth  overcoming  if  the  resulting  system  is  gen¬ 
erally  applicable  and  achieves  robust  and  sound  results,  at  the 
cost  of  time  occasionally  spent  in  exl  austive,  but  futile 
searches.  (There  may  be  good  heuristics  to  cut  these  off.) 

4.3.2.  Basic  concepts 

The  search  algorithm  is  bounded-depth,  best-first  search 
based  on  merging  and  testing  of  candidate  regions,  using  a 
heuristic  merit  function  to  direct  the  search.  The  terms  used 
to  describe  the  search  are  briefly  explained  in  the  following 
paragraphs. 

1  he  adjacency  graph  consists  of  a  set  of  nodes  represent¬ 
ing  components,  together  with  edges  representing  their  adja¬ 
cencies. 

Another  graph,  the  search  graph,  is  generated  during  the 
search  process,  representing  information  about  merged  regions. 
A  node  of  this  graph  represents  a  merged  region  and  gives  its 
Hi .  1 1 1.  v  anil. ,  its  .TiiiA  <  n  u  a*  ti<  g.  gi  .  y  -  *  alu  . ,  the  mukra  , «.  5.^11 
is  identified  by  the  path  of  components  which  were  merged, 
starting  with  the  seed  region  as  root,  resulting  in  the  current 
region . 

The  successors  of  a  node  represent  results  of  merging 
new,  adjacent  components  with  the  region  represented  by  the 
node. 

The  open  list  is  a  priority  queue  of  components  which  are 
adjacent  to  the  current  merged  region  and  have  not  yet  been 
considered  for  expansion.  Their  order  of  merit  is  based  on  tin 
differences  between  their  average  grey-values  and  the  expected 
value  of  the  object. 

The  closed  list  consists  of  those  components  which  have 
already  been  eliminated. 

For  more  details  about  graph  search,  see  [Rich ,  1983]. 

4.3.3.  Algol  itliri!  ful  muddied  giapb  seaicli 

(1)  Create  an  initial  search  graph  G,  consisting  solely  of 

the  start  node  S,  representing  the  best  seed  in 
me  list,  ot  seeds,  l^feaoe  empty  open  anci  closed 
lists,  then  put  S  on  the  open  list. 

(2)  Loop:  if  the  open  list  is  empty,  quit  the  search  with 

failure  to  find  an  instance  of  the  object  type. 

(3)  Put  the  first  open  node  on  the  closed  list,  calling  it 

N. 

(4)  Expand  node  N  into  successors  which  satisfy  accep¬ 

tance  criteria,  as  detailed  in  Section  5.3.4. 

(5)  For  each  successor  in  turn,  check  whether  stopping 

criteria  (detailed  in  section  5.3.5)  are  satisfied.  If 
so,  quit  the  search  successfully,  returning  the 
resulting  instance. 

(G)  Reorder  the  open  list  according  to  merit. 

(7)  Repeat  Loop. 

'I'he  search  procedure  is  then  restarted  with  a  new  seed 
until  the  search  succeeds  or  the  seed  list  is  exhausted, 

4.3.4.  Acceptance  criteria 

Let  M  be  the  region  represented  by  the  node  which  is 
currently  to  be  expanded.  Let  A  be  a  component  to  be  tested 
for  acceptability,  and  R  be  the  result  of  merging  M  and  A. 
Then  A  is  acceptable  if  it  satisfies  all  the  following  conditions-. 
(I)  A  and  M  are  connected. 

j-i  !v.  is  differ .  11T  fYum  vciy  closed  iicJo,  tins  avoids  it  iluiicLiiit 
search  and  calculation,  at  the  lesser  cost  of  t  Ration 


and  checking. 

(3)  The  area  of  R  is  less  than  the  maximum  area  of  the  object, 

and  its  average  brightness  is  within  bounds. 

(4)  One  of  the  following  rules  for  merging,  based  on  similarity 

and  size,  must  be  satisfied: 

(i)-  1  r  »tfii  4  Mill  U  if 

their  feature  differences  are  small  enough 
Rule  (ii):  Otherwise,  if  A  is  large  enough,  merge  A  and 
M  if  their  feature  differences  arc  small 
enough  under  a  relaxed  constraint.  This 
rule  allows  merging  of  larger,  somewhat  dis¬ 
similar  regions,  as  long  as  condition  (3)  war- 
rai  Is  their  n  erring  This  may  apply  to  nur 
faces  with  varying  orientation,  e.g.,  roofs  of 
houses. 

Rule  (iii):  If  the  area,  of  A  is  very  small,  merge  it  with 
M.  A  may  be  an  artifact  or  noise. 

Generally,  other  rules  of  limited  applicability  may  be 

uj'iulucl  U.  bu  dir  queial  lilmilicJw  I  t  other  uu'pgiag  ntlar 
see  (Nazif,  1984], 

Preliminary  tests  of  model  properties  are  contained  in 
condition  (3).  As  the  graph  search  proceeds,  merged  regions 
become  too  large  to  be  expanded.  The  other  conditions  restrict 
merging  so  that  it  is  non-redundant  and  preserves  homo¬ 
geneity  and  connectivity. 

4.3.5.  Stopping  criteria 

The  search  stops  with  failure  when  it  exceeds  the  bound 
on  depth  without  finding  an  acceptable  instant  «. 

On  the  other  hand,  when  merging  results  in  finding  a 
candidate  region  which  is  an  instance  of  the  object  type,  meet¬ 
ing  ail  tif,  cnVeiia  of  its  tufi ii i lion ,  tut  search  might  SVup  suc¬ 
cessfully,  returning  the  instance.  YVc  will  call  this  version  l-'F 
search,  and  the  returned  instance  will  be  called  the  first-found 
instance. 

The  problem  with  this  procedure  is  that  the  first-found 
instance  may  have  gaps  at  its  boundaries  or  holes  in  its  interi- 
Be.  IbM  t-SwUgh  it  , .usees,  jlh  r  'vests,  it  is  h,.l  n  refy 

good  instance.  Moreover,  there  may  be  overlapping  variants  of 
the  first-found  instance  which  arc  better  instances.  Generally, 
the  first-found  instance  will  be  too  small,  being  incomplete. 

It  would  be  very  expensive  to  search  the  entire  spare  of 
acceptable  candidates,  trying  to  find  one  which  is  the  best 
instance.  A  different  approach  is  to  expand  according  to  the 
merit  function  until  some  instance  is  found  which  cannot  be 
further  acceptably  expanded.  This  version  will  be  called  FL 
search,  and  the  returned  instance  will  be  called  the  first-large 
instance.  A  comparison  of  the  two  approaches  will  be. 
presented  in  Chapter  6. 

5.  EXAMPLES 

This  chapter  presents  some  representative  examples  of 
the  application  of  PQ  to  the  analysis  and  interpretation  of 
aerial  photos  of  suburban  neighborhoods.  The  search  for 
instances  of  roads,  houses,  and  shadows  of  houses  is  described 

in  detail. 

5.1.  Goal 

The  goal  of  PQ  is  to  find  connected  regions,  obtained  by 

likvUging,  "will'll  .if v  i" r.T,. .1 1 . i ,.if  object  types,  in  T T.  V  flowing 

examples,  we  consider  houses  and  their  shadows,  as  well  as 
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roads,  but  other  types  of  objects  might  also  be  considered  by 
adding  their  definitions.  The  system  may  return  from  search 
sv  it!.  J.l  iiloCftiicto,  Oi  Wi  ih  the  fhay-found,  possiuiy 

optimized  instance  of  the  requested  type,  if  any. 

The  system  asks  the  user  to  specify  what  type  of  objeet  is 
to  be  iuund  in  vvliat  window  of  the  image — for  example,  houses 
in  the  entire  image  There  may  be  several  such  goals  on  a 
stack  which  nr rr  liWilne  J  in  rrh  r 

Given  a  current  goal,  PQ  first  checks  its  database  to  find 
whether  some  instance(s)  have  already  been  found  which 
satisiy  the  goal.  If  not,  1-Q  searches  lor  instances  as  specified 
by  the  goal. 

5.2.  Enhancement  and  initial  segmentation 

Iterative  application  of  the  SNN  operator  produces  an 
enhanced  imngr  having  fiat  regions  with  fixed,  sharpened 
edges.  Figure  fa  shows  the  original  440x160  image  of  a  subur¬ 
ban  neighborhood,  and  Figure  lb  shows  the  enhanced  image. 

The  initial  segmentation  of  the  enhanced  image  is 
obtained  by  a  connected  components  algorithm,  in  which  adja¬ 
cent  pixels  are  connected  if  their  grey-value  difference  is  less 
than  a  threshold  parameter  value.  Finer  segmentations  are 
associated  with  lower  threshold  values,  and  values  are  chosen 
for  searches  according  to  the  expected  sizes  and  contrasts  of 
object  types. 

Figure  2  shews  a  44x40  enhanced  image  of  a  house  and 
yard  and  its  segmentation  into  connected  components. 

In  general,  the  number  of  components  depends  on  the 
threshold  value,  and  also  on  image  size  and  contrast.  Figure  3 
shows  high-  and  low-contrast  segmentations  of  an  image  of  a 
neigiinornood  using  two  thresholds;  the  image  with  lower  con¬ 
trast  has  fewer  and  larger  components. 

5.3.  Search  for  instances 

Given  a  query  about  a  type  of  object,  PQ  searches  for 
instances  by  merging  and  testing  regions.  The  search  originates 
at  seed  components  liavimr  typical  rrey-values  and  continues 
until  a  first-found  or  first-large  instance  is  found,  or  until  all 
candidates  fail  or  search  exceeds  the  depth  bound. 

Figirn  4  dfhUrUw  taw  seed  for  tanses  .u. 

selected  from  from  the  components  of  a  house  and  yard,  also 
shown  in  Figure  2.  Here  seed  components  1/1,5,  and  G  were 
selected  by  constraints  on  ibpir  grey-vi  hie  (lin-  g  2«)  iud 
area  (<310),  and  then  ordered  6,5,4, 1  according  to  the 
difference  between  their  grey-value  and  the  typical  value. 

5.3.1.  Version  FF  graph  search 

In  our  example,  the  search  graph  initially  consists  of  a 
sin/le  node  representing  send  fi  [l-  .n'u  kid  grey- 

value  are  94  and  152,  as  shown  in  the  table  in  Figure  4c. 

In  the  search  graphs  shown  in  Figure  5  and  G,  nodes  that 
are  closed,  having  been  considered  already,  are  dark  circles, 
while  nodes  that  are  still  open  are  white  circles.  A  now  cycle  of 
incrgiiig  and  btbtns  whenever  ai,  opa.  is  duwl. 

In  the  first  cycle,  region-merging  starts  with  seed  com¬ 
ponent  G.  The  table  in  Figure  4  shows  that  components  0,4, 
sitil  5  a er  a 4 j'leei it  e.  itrp  ntreu  e  G ,  so  (  Ttt’It  of  -these  -tii  in  m 
will  be  checked.  Component  0  fails  to  satisfy  condition  (4)  on 
area  and  grey-value,  but  component  4  is  acceptable  by  all  cri- 
lem,  jo  it  «  chuStii  to  be  Timr-ged  ill  tire  successor  of  node  {1$), 
which  is  checked  against  the  stopping  criteria.  The  search  then 


successfully  terminates,  since  the  merged  region  consisting  of 
components  6  and  1  satisfies  the  definition  of  a  house.  This 

r.-gioli  J.j  ..  t  .  _  .1  ...  tfl  .  d.itiib  iliac  tiS  all  1 1 . .  i .  .  .  oF  .1  TiOti.'"  , 

while  its  individual  components  are  removed  from  further 
search 

1  IgUlC  <J  shows  till  Still  Cl  I  <jf  l^lt  ^  a.st  V  wo  t  jiVs, 

and  Figure  5c  shows  the  instance  found.  This  instance  has  a 
hole  caused  bv  early  termination  of  the  ■raph  search;  com¬ 
ponent  5  which  fills  tlio  hole  is  ignored.  'Flic  remaining  seeds, 
0  and  5,  fail  to  grow  into  acceptable  house  can  did  ales  since 
Oc.i.ip.j!ielU>  G  and  4  have  been  rwUoVk4  (tviu  furtlw'J-  w.-M-ch 

5.3.2.  Version  FL  graph  search 

I’lie  Version  FF  search  terminates  with  a  first-found 
instance,  even  though  there  may  be  holes  or  gaps  in  the  result¬ 
ing  figure,  .as  in  the  above  example.  Version  FL  search,  on  the 
other  hand,  terminates  with  a  first-large  instance  which  cannot 
be  further  expanded. 

The  same  image  may  be  used  to  compare  the  two  ver¬ 
sions  As  before,  seed  G  is  selected  first,  and  its  adjacent  com¬ 
ponents  are  0.4,  and  5.  While  0  remains  unacceptable,  4  and  5 
are  acceptable  for  expanding  node  (G).  In  the  second  cycle,  the 
n  tie  '4,5;,  Irmwg  fiwitrr  t.  chi,  ir  -bowh  tar  rspui'isLe ;  it  lit-r 
unused  adjacent  components  0  and  4.  As  before,  component  0 
fails  condition  (l).  Component  4  is  acceptable,  and  so  is 
ttKTgi-d  in  tin  sin  cessoi  in  the  path.  In  the  third  cycle,  the 
current  node  (6,5,4)  has  adjacent  components  0  and  I.  of 
which  1  is  acceptable.  Finally,  the  node  (G,5,f,l)  cannot  be 
acceptably  expanded 

'I’l'is  merged  region  (the  union  of  components  6,5,4,  and 
1J  is  now  tested  and  satisfies  the  dtllsilCit  t  *  V-mw  s.,  k 
returned  as  the  first-large  instance.  If  n  candidate  docs  not 
satisfy  the  definition,  tire  search  continues  to  expand  open 
nodes  to  find  a  first-large  instance.  Figure  G  shows  the  FL 
graph  search  for  this  example,  and  the  returned  first-large 
instance. 

5.4.  Reasoning  by  the  HT.VS 

Flic  IILVS  uses  its  database  of  accumulated  facts  about 
Found  instances  to  control  parameter  adjustment,  optimization 

i  1  v  ve.E ,  h.fi'4  -  .fi J.  I  It  . ;  a  rti  eh  uning  Spiilint  uf.ltioTTs. 

5.4.1.  Adjusting  model  parameters 

l  Ut  HI  A  .IVStvWi  t-uflipalcs  lueail  vatuts  of  pi  open  10  s  ol 
found  instances  with  current  expected  values.  When  the 
differences  are  large,  the  current  values  are  replaced  by  the 
sample  means,  and  the  image  is  reinterpreted  with  respect  to 
the  new  expected  values.  This  procedure  may  be  repeated 
until  the  results  are  nearly  unchanged. 

Ti,  itttiafi.iti  i,tj Is,  ffgun  7  shows  me  result  ol  interpret¬ 
ing  a  480x110  image  before  and  after  adjusting  the  area  and 
grey-value  parameters  used  to  define  houses.  After  one  step, 
the  segmentation  is  obviously  improved,  and  after  three  itera¬ 
tions,  the  parameter  values  arc  nearly  unchanged.  The  same 
ttWHtllfT  f  1  i )  of  Vine  blsV.tVu cs  tan  I  bc.-ii  found,  fun  seven  ol 
ten  false  instances  have  been  eliminated. 

5.4.2.  Optimizimr  instances 

Figure  5  shows  a  hole  in  a  a  first-found  instance  of  a 
house.  1  Is  compactness,  (he  ratio  of  area  and  squared  perime- 
IM  fa  -flWflsmr  xK  £ooducssutahgure),  is  \j.UV3.  Among  Till  vari¬ 
ants  which  differ  Irom  this  first  instance  bv  at  most  one  corn- 
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ponent,  the  candidate  consisting  of  components  4,5,  and  6  is 
also  an  acceptable  instance,  but  with  an  improved  value  of 
compactness,  0,067. 

Iteration  of  this  procedure  continues  until  compactness 
can  no  longer  be  improved.  In  the  previous  example,  a  second 
iteration  docs  not  find  a  more  compact  instance,  so  that  the 
instance  consisting  of  components  4,5,  and  6  is  considered 
optimal  Figure  8  shows  the  result  of  optimization  for  this 
a-d  ilso.  T  r  nil  Ui*4  tvoe*  iiLrii  lea  ciami  Ic  '"cre- 
mental  optimization  of  instances  with  respect  to  compactness 
is  usually  effective,  although  it  may  be  possible  to  achieve  good 
results  for  other  types  of  objects  with  different  measures  of 
good ness-of- figure,  perhaps  based  on  contrast  at  boundaries. 

5.4.3.  Contingent  search 

Contingent  search  for  spatially-related  types  of  objects, 
based  on  identifying  or  hypothesizing  a  given  instance,  may  be 
used  to  find  missing  or  predicted  objects,  or  to  confirm  or 
reject  tentative  hypotheses  about  the  first  object. 

5.4. 3.1.  Supporting  evidence 

The  system  may  find  additional  instances  of  object  types 
within  low-contrast  or  complicated  images  by  relaxing  object 
definitions.  Given  such  an  uncertain  object  hypothesis,  the  sys¬ 
tem  may  search  for  instances  of  related  objects  that  would 
tend  to  support  or  diseonfirm  the  hypothesis. 

Figure  9  shows  six  candidate  houses  in  an  image,  of 
which  the  two  in  the  upper  right  are  uncertain  instances,  that 
arc.  hypothesized  only  when  the  parameters  of  the  definition 
have  been  relaxed.  To  confirm  these  instances,  the  HLVS  ini¬ 
tiates  searches  within  restricted  windows  for  the  shadows  of 
the  two  candidate  houses.  The  result  of  this  search  is  shown  in 
Figure  9c. 

5.4. 3. 2.  Finding  missing  objects 

Sometimes  additional  instances  of  object  types  are 
expected  on  the  basis  of  previous  identification  of  related 
instances.  For  example,  Figure  10  shows  that  the  fourth  house 
in  the  top  row  is  overshadowed  so  that  it  is  not  found;  also, 
partial  instances  111  the  margin  of  tiie  iluage  ate  missed.  Since 
neighboring  instances  have  been  identified,  the  system  initiates 
searches  within  windows  determined  by  the  neighboring 
instances,  beginning  W  th  seed  -ompeni  .nls  watch  p  ,%-vionsty 
failed  to  grow  into  instances.  Because  of  the  expected  spatial 
relations,  the  system  provisionally  relaxes  the  definition  of  a 
house  to  admit,  as  an  instance  ol  part  ol  a  house,  any  seed  or 
acceptable  expansion  within  the  search  window.  When  this  is 
done.  Firure  10c  shows  that  three  missing  s.  parts  of 
houses  are  found. 

5.5.  Other  experimental  results 

Figures  11-14  show  images  of  four  different  suburban 
neighborhoods,  their  initial  segmentations,  and  instances  of 
houses  and  roads  obtained  by  merging  and  testing.  All  these 
experiments  involve  FL  search,  reinterpretation  with  parame¬ 
ter  adjustment,  and  use  of  contingent  searches  for  missing 
houses.  Some  illustrate  optimization  as  well. 

Merging  to  find  roads  is  difficult,  recpiiring  special  treat¬ 
ment,  since  they  are  elongated,  adjacent  to  many  components 
■along  a  foad,  and  ccmetirim  have  poof  figura-grmtnd  contrast 
Given  these  difficulties,  only  when  primitive  regions  are 
sufficiently  large  are  they  acceptable  for  merging  as  road  com¬ 
plexes. 


Figure  11  shows  the  instances  of  houses  found  by  FL 
search,  without  optimization,  starting  with  a  coarse,  high- 
eontrast  segmentation  into  components.  It  also  shows  the 
instances  of  a  road  complex  found  in  a  finer  lower-contrast 
segmentation. 

Figure  12  gives  similar  results  for  a  more  complicated 
image  The  results  are  still  very  good,  correctly  identifying  all 
but  perhaps  two  of  fifty-one  instances  of  houses,  including  two 
Jli.'hralt  ^vetsInivloWed  In-"  atrft  Cv,  with  '.W  Mhe-  T.rrd.M.er-, 
All  important  roads  were  also  found  in  this  image,  which  has 
good  contrast  but  lower  resolution. 

Figures  13  and  14  show  optimization  of  the  FL  instances 
of  houses.  The  optimized  instances  generally  have  better 
shapes,  with  fewer  gaps  and  protruding  components. 

6.  RELATED  WORK 

The  goal  of  the  PQ  system  is  to  find  regions  in  an  image 
which  correspond  to  certain  objects  in  a  scene.  Developing 
sueh  a  model-guided  segmentation  system  involves  addressing 
several  issues. 

The  first  issue  is  image  representation.  (Marr,  1982]  sug¬ 
gested  that  an  edge-based  primal  sketch  would  capture  most 
of  the  salient  information  about  an  image.  In  a  similar  spirit, 
Feldman  and  Yakimovsky  [Feldman,  1974]  segmented  images 
into  primitive  regions  of  almost  constant  brightness.  Since 
contrast  between  pixels  is  used  to  determine  these  regions,  this 
representation  preserves  much  of  the  edge  information  of 
Marr’s  primal  sketch. 

The  seeond  issue  is  how  to  apply  knowledge  in  segmenta¬ 
tion.  Some  ima^e  understanding  ( I U )  systems  restrict  the 
knowledge  to  the  high-level  portion  of  the  system,  using  it  to 
check  the  results  from  the  low-level  portion.  Sueh  systems 
often  use  simple  segmentation  methods  such  as  thresholding. 
See  [Selfrige,  1982],  [Hwang,  1985].  Other  IU  systems  pass 
knowledge  in  the  form  of  parameters  or  optimization  criteria 
to  their  low-level  components,  which  then  use  segmentation 
methods  involving  search;  see  [Feldman,  1974]  and  [McKeown, 
1984], 

In  the  following  subsections,  five  representative  systems 
related  to  PQ  are  discussed. 

JL  it  id  Vsk-in  ov  Jty 

In  [Feldman,  1974],  a  combination  of  mathematical  deci¬ 
sion  theory  and  heuristic  search  techniques  is  used  to  develop 
a  general-purpose  system  for  scene  analysis. 

A  preliminary  segmentation  procedure  partitions  the 
image  rfrtv  piilllifciK  regions,  tjfta’h  f.fiinifm  fcfioii  «  initially 
assigned  various  probabilities  of  interpretation,  based  on  the 
values  of  measurements  (e.g.  color,  area),  using  knowledge 
about  possible  objects  in  the  scene. 

After  this  preliminary  evaluation,  the  system  uses  a 
heuristic  search  to  merge  primitive  regions,  as  docs  PQ.  The 
goals  of  the  two  systems  are  different.  The  goal  of  the  former 
system  is  to  find  the  best  global  interpretation,  the  one  having 
the  greatest  likelihood,  while  l’Q’s  goal  is  partial  interpretation 
by  extracting  regions  that  satisfy  object  descriptions.  The 
merit  function,  acceptance  criteria,  and  stopping  criteria  used 
in  the  search  are  very  different. 

0.2.  Barrow  and  Tenenbaum 

In  IGS  [Tenenbaum  I977j,  knowledge  from  a  variety  of 
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sources  is  used  to  make  inferences  about  the  interpretations  of 
regions  A  scene  is  first  partitioned  into  elementary  regions 
of  inJiviamri  pile's  b>T  gf-tiira  Of  Jj.  .  ut  pixels  V  ith 
identical  attributes.  Beginning  with  this  partition,  1GS  first 
performs  the  most  complete  interpretation  possible  in  the 
current  partition.  Based  on  this  interpretation,  it  next  merges 
a  pair  of  adjacent  regions  that  are  least  likely  to  represent  dis¬ 
tinct  objects.  Merging  is  repeated  until  all  adjacent  regions 
have  different  interpretations. 

In  a  later,  different  approach,  called  MSYS  (Barrow, 
1976),  regions  are  assigned  sets  of  possible  interpretations  with 
associated  likelihoods  based  on  local  attributes  (e.g.,  color,  size, 
and  shape).  A  relaxation  process  is  then  applied  repeatedly  to 
adjust  the  likelihoods  up  or  down  based  on  the  interpretation 
likelihoods  of  related  regions,  until  a  consistent  set  of  likeli¬ 
hood  values  is  attained.  At  this  stage,  several  alternative 
interpretations  may  still  exist  for  some  regions.  The  final 
stage  of  analysis  involves  searching  for  a  set  of  unique 
interpretations  with  the  highest  joint  likelihood. 

6.3.  McKeown  and  Enlinger 

MACIIINESEG  [McKeown,  1 98-1 1  uses  map  knowledge  to 
guide  image  segmentation.  The  map- to- image  correspondence 
can  be  derived  from  camera  and  terrain  models.  The  location 
of  each  map  feature  in  the  map  database  can  then  be  pro¬ 
jected  onto  the  image.  Map  knowledge  is  used  to  determine 
criteria  for  region-growing. 

The  merge  algorithm  is  straightforward.  Initially,  con¬ 
nected  component*  of  Mu  jgp*  gam  image  \ 
duced.  A  list  of  the  edges  between  regions  is  sorted  by  the 
strengths  of  the  edges.  Criteria  for  testing  merges  are  derived 
from  mnp-l-mwil  VLmzi.dio  »  {leg**.*  by  w„idc 

edges  are  merged  first.  Each  time  a  new  region  is  created,  it  is 
checked  against  the  criteria  to  sec  if  it  can  be  identified  as  a 
prototype  region.  The  processing  can  be  repeated  until  some 
merged  region  fits  the  criteria,  or  until  process  exceeds  a  given 
depth. 

In  contrast  with  MACIIINESEG,  PQ  uses  variably  fine 
segmentations  rather  than  using  fixed  primitive  regions  as  in 
MACIIINESEG.  In  MACIIINESEG,  merging  is  controlled  by 
edge  strength  only.  In  PQ,  a  model-based  merit  function  is 
employed  to  determine  which  region  should  be  merged  next. 
This  is  more  flexible  than  a  function  based  on  intrinsic  image 
features  without  consideration  of  object  types. 

0.4.  Selfridge 

(Selfridge,  1982]  describes  a  three-level  system  (model 
expert,  segmentation  expert,  and  parameter  expert)  to  locati 
houses  and  roads  in  aerial  photographs.  The  model  expert 
represents  objects  and  their  expected  locations.  The  segmenta¬ 
tion  expert  selects  a  segmentation  procedure  for  a  given  situa¬ 
tion.  The  parameter  expert  searches  for  the  best  parameters 
of  a  thresholding  algorithm  to  extract  a  region  matching  the 
expected  appearance. 

Performance  evaluation  of  success  and  failure  within  each 
level  •  integrated  into  the  analysis.  If  one  rule  fails,  another  is 
tried  t  he  program  terminates  with  failure  only  when  all  rules 
have  :>een  exhausted. 

6.5.  Hwang 

SIGMA  [llwang,  1985]  employs  an  approach  similar  to 
Sel  id ge ,  but  emphasizes  evidence  accumulation.  Blobs  and 


ribbons  which  may  be  instances  of  houses  and  roads  are  ini¬ 
tially  extracted  from  the  image  using  simple  segmentation 
,  , i  1 .  ,s . .  .I. ii r ..  u£ t d  |  T. .-tcX  tl.c  k.WWifflS 
of  others.  Computational  resources  are  focused  on  those  parts 
of  the  image  that  have  high  likehood  of  containing  additional 
objects  of  interests.  The  likehood  is  based  on  the  intersections 
of  windows  regions  of  interest  associated  with  the  hypotheses 
generated  by  the  system. 

Unlike  SIGMA,  PQ  does  not  assume  that  there  is  a  direct,, 
correspondence  between  the  regions  computed  by  segmentation 
and  object  model.  PQ  emphasizes  the  role  of  model-directed 
search  for  interpreting  the  results  of  image  segmentation. 

7.  SUMMARY 

Effective  image  segmentation  is  crucial  to  any  image 
understanding  system.  Ideally,  the  segmentation  should  be 
sufficiently  good  to  reliably  determine  the  correspondence 
between  parts  of  the  images  and  parts  of  the  object  types  of 
interest. 

The  approach  of  this  investigation  has  been  to  initially 
segment  an  enhanced  image  into  small,  homogeneous  regions, 
then  to  search  among  these  for  combinations  that  can  be  inter¬ 
preted  as  object  instances.  Our  system,  called  PQ,  has  been 
applied  to  find  instances  of  roads,  houses,  and  their  shadows  in 
aerial  photographs  of  suburban  neighborhoods. 

The  three  subsystems  of  PQ  are  a  high-level  vision  sys¬ 
tem  (HLVS),  representing  goals  and  knowledge  about  objects, 
a  low-level  vision  system  (I.LVS),  for  segmentation  and  evalua¬ 
tion  of  image  predicates,  and  a  graph  search  procedure  to  find 
instances  by  merging  and  testing. 

Th.  JllV5?  t-  ■wwi*  ,T  Ji'SLFijztjuua  jf  Jsjett  tj-pw,  ti 
database  of  facts  about  the  current  image  interpretation,  and 
parameters  of  the  initial  segmentation  and  search  for  given 
object  types. 

The  initial,  uninterpreted  segmentation  of  the  enhanced 
image  by  the  LLVS  is  represented  by  an  attributed  graph  of 
connected  regions,  giving  the.  adjacency  relations  and  proper¬ 
ties  of  these  regions.  This  reduces  the  complexity  of  the  image 
data,  while  preserving  important  details  of  contrast  and 
geometry.  A  family  of  coarse- to- fine  segmentations,  obtained 
from  the  connected  components  algorithm  by  parameter 
adjustment,  may  be  used  in  different  searches. 

The  initial  segmentation  provides  a  basis  for  a  search  for 
object  instances  by  merging  components.  This  search  pro¬ 
cedure  employs  heuristics,  including  a  merit  function  for 
expansion  based  on  expected  object  grey  value,  as  well  as 
acceptance,  optimization,  and  stopping  criteria,  derived  from 
prior  knowledge  of  object  types. 

The  efficiency  of  the  search  procedure  is  improved  by 
selecting  a.  suitable  initial  segmentation,  and  by  restricting 
search  based  on  known  spatial  relations  among  objects. 

It  might  be  interesting  to  consider  methods  of  evaluating 
evidence  which  having  intermediate  truth-values.  A  three¬ 
valued  logic,  with  true,  false,  and  indeterminate  values,  might 
be  jisy c|io|njricnlly  fd.iusible  ■>u'1  nsfBd  Uf  gia/luid  U.tiMfflMtA- 
tion  of  images.  In  additional,  it  might  be  useful  to  implement 
a  more  general  search  procedure  employing  window  functions, 
recursive  definitions,  and  finite  quantification.  The  latter 
vouid  make  a.  possible  uo  denne  searches  lor  specilic  numbers 
of  instances,  for  example,  for  exactly  four  corners  of  a  house. 

The  present  system  correctly  and  efficiently  identified 
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most  instances  of  houses  and  roads  in  low-contr.ast  aerial  pho¬ 
tographs. 
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Figure  I:  Initial  segmentation  and  table  of  components; 
Properties  and  adjacencies  for  the  house  and  yard  image 
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Figure  7:  Reinterpretation  with  adjusted  model 
parameters 


Figure  8:  Optimization  of'  house  instances 
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Abstract, 

This  paper  presents  a  method  for  initial  object,  hypothesis  for¬ 
mation  in  image  understanding  where  the  knowledge  base  is  au¬ 
tomatically  constructor!  given  a  set  of  training  instances.  The 
hypotheses  formed  bv  this  system  are  intended  to  provide  an 
initial  foens-of-attention  set  of  objects  for  a  knowledge-directed, 
opportunistic  image  understanding  system  whose  intended  goal 
is  the  interpretation  of  outdoor  natural  s-encs.  Presented  is  an 
automated  method  for  delining  world  knowledge  based  on  the 
frequency  distributions  of  a  set  of  training  objects  and  feature 
measurements.  This  method  takes  into  consideration  t  lie  im¬ 
precision  (inarrirrat.e  feature  measurements)  and  incompleteness 
(pi  utility  \  ,ou  f«  w  sriiupltrs)  o  r  tin  statist  ■  cat  infoi  mat  inn  available 

from  the  training  set.  A  computationally  eliieienl,  approach  to 
the  iJun.p.diT  H  h  tlre-orf  ■  I  l-w  ttwiI  ft  Utc 
tat.ioir  and  combination  of  evidence  from  disparate  sources.  We 
chose  the  Dempster-Shafer  theory  in  order  to  take  advantage  of 
its  rich  representation  of  belief,  disbelief,  uncertainty  and  con¬ 
flict,.  A  brief  intuitive  discussion  of  the  Dempster-Shafer  theory 
i  f  evidence  is  mufnit.ed  in  Apeudtx  A. 

1.  The  Interpretation  Problem 

An  important  task  in  imago  understanding  is  to  de¬ 
velop  a  mapping  from  low-level  image  events  (such  ns  re¬ 
gions,  linns  or  sttrittets)  lo  Itighi  r  h-vtd  sctitattlit  ahstrne- 
tions  (such  as  road,  grass  and  foliage).  Achieving  this 
4jVl'  I.mi.' 'm,  ib'Vl’IttfliUfr  a  IttUWllwTm*  Ltaw<  Ltbu  h  tlvfUU1* 
those  semantic  abstractions  in  terms  of  the  low-level  image 
events  and  using  constructive  techniques  to  match  or  cor- 
Tcbit.t'  ptfmHtw  fffittm  sttf  the  hvw  bn  d -events  against  the 
knowledge  base  for  eaelt  semantic  abstraction.  An  inference 
Utcbiihj  te  i-  im|  iitril  ' i s  romr«ii  and  wwdiHMr 

match  scores  to  create  a.  consistent  interpretation.  Some 
schemes  for  combining  information  from  various  sources 
in  initial  hypothesis  formation  inrltide  additive  “voting” 
methods  [ I Ians8(i,llelk8fi),  Dempster-Shaler  pooling  of  evi¬ 
dence  [Low82,Wes8'l,Rey8(ib],  Bayesian  methods  'I)nda7.'?|, 
#oWflWWI  Uwt  (Kw* L  m  wvll  **  wl 

4 This  work  h;i?  supporictl  Ity  I  In*  follnwiii^  Aii  I'nm* 

OUire  of  Srirnlifir  l?<*s<*;irch  8(>-n()2l,  lh(*  IMenn*  Mnppinp,  Amplify  800- 
85-C  •-00 12,  mid  I  In*  N;ition;il  Science*  Foil  ml  a  l  ion  I H ,K-8'H8770, 


lioc  lint  benrisl  ically  adequate  Mycin  type  systems  |Slior76|. 
In  any  scheme  three  (pics' ions  must  be  answered:  Wltal  is 
What  ntcl, bod  will  be  employed  for  combining  and  propa.- 
gal.ing  evidence? 

In  Ibis  paper  w'e  present,  a  method  for  initial  object  hy¬ 
pothesis  formation  in  image  understanding  that  lias  evolved 
from  earlier  work  in  the  VISIONS  system  environment,  doc¬ 
umented  in  |l]ans87|.  These  hypotheses  can  then  be  used 
as  a  fociis-of-aUeutioii  set  by  a  knowledge-directed  inter¬ 
pretation  system  and  expanded  into  a  more  complete  inter¬ 
pretation.  An  automated  met  bod  is  presented  for  defining 
a  knowledge  bace  based  on  t  he  frequency  list  ribnl  ions  of 
a  set,  of  training  objects  and  feature  measurements.  The 
system  tubes  hi i  miiigi  llud  is  m  illed  into  Untied  Tioimd- 
ary  regions  and  “matches"  <  ru  It  region  against  the  stored 
fctt  haw-  1-n  grnetai-e  n  set  nf  tnkdal  by-yintbesTS  In r 

a  give'll  region.  This  mel  hod  can  also  be  used  to  classify 
lines,  surfaces  or  any  other  image  abstraction  or  combina¬ 
tion  of  image  abstractions.  In  our  formalism,  evidence  is 
m  presented  by  a  plausibility  function  and  combined  using  a 
computationally  chkkut  approach  to  flu  theory  of  evidence 
as  pioneered  by  (Hen  Shafer  referred  to  as  (lit'  Dempster- 
Shafer  theory  of  evidence  |l)emp(>7,.Sbaf70|. 

At  the  heart  of  the  Di  nipsler-Shafer  formalism  is  a  rich 

,  |  1'.  1  ,,  I  ,111 . 1. -i.  .  r 

lion,  and  a  method  for  combining  evidence,  Dempster’s 
I? tile.  The  formalism  is  often  criticized  for  t.lie  computa¬ 
tional  rust.  ®ism  intwl  with  IhTTTpstir’s  huby  in  ori?l i i fim 
the  Dempster-Shafer  theory  does  not  address  the  issue  of 
aeytff iirg  owe  furtrltow-.  The  eystio i  In  t c  nd- 

dresses  both  these  |)rolilems.  It.  is  able  to  use  the  rich 
semantics  implied  by  the  evidential  representation  of  the 
Dempster-Shaler  formalism  without,  the  computational  cost, 
associated  will)  Dempster’s  little  as  well  as  defining  an  au- 

1.  in ia ti,  nr-tlh-.d  Ini  geTu i atriTg  a  kuowh-ftgi  txiTrri  .  A  In  id 
intuitive  discussion  of  the  fnndameiilnl  principles  of  flic 
Dempster-Shafer  formalism  are  presented  in  appendix  A. 

2.  The  VISIONS  Experiments 

in  general  we  can  lltmk  ol  iiilermediaic-level  image  ab¬ 
stractions  as  tokens  one  or  two  steps  removed  from  file  raw 
image  data  represented  as  pixels.  Ifcgioiis  can  be  I  bought 
of  as  area  filling  abstractions  connecting  pixels  with  some 
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homogeneity  constraint  |Kolil8-lj.  Straight,  linos  may  con- 
nool  and  group  pixels  with  the  same  gradient  direction 
Btirii80,\\eis8G  .  Mach  intermediate  level  token  can  he  as¬ 
sociated  with  a  feature  vectoi  that  measures  primitive  fea¬ 
tures.  II  pixels  are  grouped  into  closed  area-filling  regions, 
measures  can  he  defined  which  sl.a' isfirally  describe  a  re¬ 
gion  s  color,  intensity  or  texture.  Depending  upon  the  line 
algorithm  used,  lines  also  have  a  variety  of  primitive  fea¬ 
tures  such  as  length,  position  in  the  image  (rho),  angle  or 
orientation  (theta),  and  measures  of  the  contrast  relating 

i (m*  v4w™  wf  tm  Ttfr,  r  sttft  ,ut  th.  fine 

An  approach  taken  in  VISIONS  [Iians87|  is  to  use  these 
primitive  features  to  create  initial  hypothesis  labels  which 
assoriaies  wild)  each  region  a  semantic  label  to  bootstrap 
t  In'  high-level  interpretation  process.  Although  regions  are 
I ^  'rg  t.brhd  in  inis  **}.|  ioaOi,  hut  uai.a  tail  be  incorpo¬ 
rated  into  the  interpretation  process  by  I, lie  use  of  relation¬ 
ships  between  lines  and  regions  |l!olk86|. 

2.1  Approaches  io  Representing  and  Com¬ 
bining'  Evidence 

Exist  ing  approaches  to  the  generation  of  initial  hypothe¬ 
ses  have  used  interactive  and  heuristic  approaches  to  the 
knowledge  engineering  problem.  One  in  particular,  the 
rule-based  object  hypothesis  system  of  Hanson  and  Rise- 
man  [HansSOj,  defines  constraints  on  the  features  of  line 
and  region  image  abstractions;  it  uses  frequency  distribu¬ 
tions  to  guide  the  format  ion  of  heuristically  defined,  piece- 
wise  linear  ranking  functions  called  rules.  In  that  system, 
rules  provide  a  vote  for  a  specific  objccl,  and  a  set  of  “sim¬ 
ple  rub  i  are  rmrihij'/w  .in  i  ■-’■<!«  Ii  I  er1  ivi-|si«r  to  fetli,  Ar 

“complex"  rule  which  ran  then  he  similarly  comhined.  The 
mil  put  of  n  complex  rule  represents  a  weighted  combination 
of  evidence  from  various  features  and  is  used  to  rank  order 
imsgt  rr  gtonii  (tit  r oil, ,  t.n.n.T  uf  1 1  gion.s  amt  hues)  according 
to  how  well  they  mulch  a  prototype  object. 

The  contribution  of  the  systun  presented  hen  is  two 
fold:  (a)  a  formal  and  theoretical  foundation  for  the  com¬ 
bination  and  representation  of  evidence,  and  (h)  the  auto¬ 
matic  construction  of  the  knowledge  base.  It,  defines  the 
knowledge  base  automatically  using  statistical  information 
nlu pined  Ir'tfn  v  sj'1  ul  induing  rtbji'ci  Rui  ip<f<  «t 

rornputationnlly  eflicieiit,  approach  to  the  Dempster-Rliafer 
t  heory  of  evidence  for  the  representation  and  combination 
ol  evidence  from  disparate  sources.  The  knowledge  base  is 
represented  in  terms  of  plausibility  distributions ;  their  rou¬ 
st, ruet, ion  takes  into  consideration  the  imprecision  (i.e.  inac- 
rurn.tr  feature  measurements)  and  incompleteness  (i.e.  too 
few  samples)  of  the  statistical  information  available  from 
t  he  training  set.  We  show  that  the  automatically  generated 
plausibility  distributions  r linraclerize  the  range  of  feature 
value's  associated  with  each  object  in  the  training  sei  with¬ 
out  biasing  the  interpretation  towards  objects  more  likci.y  to 
appear  at  random  in  I  be  training  set.  The  term  plausibility 
is  used  i.o  indicate  the  equivalence  between  our  formalism 
and  the  semantics  and  functionality  of  the  term  plausibility 


in  the  Dempster-Shafer  formalism. 

2.1.1  The  link*  System 

The  task  of  the  rule-based  object  hypothesis  system 
of  Hanson  and  Riseinan  [HansSG]  system  is  to  provide  a 
set  of  candidate  object,  hypotheses  to  a  knowledge-directed 
schema  network.  Based  on  these  initial  hypotheses  an  is¬ 
land  driving  focus-of-attention  strategy  is  employed  to  ini¬ 
tiate  further  processing.  Rules  are  formed  by  heuristirallv 

assigning  a  vole  fjy  4,  hprr  ilir  oUjiul  In  '  v.'jy  ^  W  fT  <f{  lyre 

lies.  Sets  of  “simple”  rules  are  combined  via  a  weighted  av¬ 
erage  from  “complex”  rules.  Sets  of  complex  rules  are  then 
cotnbirn  d  I  II  tin  same  way  to  fotm  the  initial  hypotheses, 
A  rule  is  represented  as  six  threshold  values,  0,,02 . 0c„ 

ifms*' Ibrehjtsibll  iIjJ'iic  '  jwrict-t.'Hwr  Vim  lif  mapping  firm  1  inn 
from  feature  spare  to  object  space.  The  intervals  (-  00,19,1 
and  |0o,oo]  represent  a  veto  range,  |0;),0,,|  the  range  where 
the  objert  label  associated  with  the  prototype  feature  vec¬ 
tor  receives  a  maximum  vote  of  1,  the  intervals  \0t,0? ]  and 
|^,^|  a  noncommittal  vote  of  zero,  and  finally  1 92,0^\  is 

Wn«u-b;  rii 'rpwft'Aftft Ki Itt  I  trhrr.  as  fcj . . .  ,| 

I  to  0.  Figure  2.1  shows  the  construction  of  a  simple  rule, 
i  he  weights  given  to  the  combination  rule  are  heuristically 
defined  on  a  st  ale  from  1  to  a. 


Figure  2.1:  Structure  of  a  Simple  Rule 
Sirin,  pure  or  a  simple  rnie  for  mapping  an  image  leal, lire  mea¬ 
surement  /  into  a  score  for  a  label  hypothesis  on  lilt-  basis 
of  a  prototype  feature  value.  The  objert  specific  mapping  is 
parameterized  by  seven  values,  /p,0,, 

Due  to  the  potentially  large  number  of  rules  needed  for 
tri.ii  object  in  the  initial  hypothesis  set,  the  rule  system  Is 
designed  to  simplify  the  definition  of  each  rule.  The  user 
choosing  the  threshold  values  0,  through  flr.  for  a  particu¬ 
lar  object  is  equipped  with  an  interactive  environment  ft 
constructing  these  rules  anti  displaying  their  effect.  In  this 
system  eat  li  object  has  a  different  set.  of  features  which 
contribute  to  the  objert, s  y  ototype  feature  vector.  Given 
an  image  token,  the  srore  for  one  object  is  never  directly 
compared  against  the  srore  for  another  objert;  instead  for 


each  object,  tokens  are  ranked  by  liow  well  they  score  for 
tiiat  object.  Regions  with  the  highest  scores  for  a  particu¬ 
lar  object  are  used  as  exemplar  regions  in  an  island  driving 
strategy  applied  in  later  stages  of  the  interpretation. 

The  rule  system  was  developed  in  reaction  to  the  prob¬ 
lems  of  using  Oayesian  techniques  for  the  classificat  ion  of  to¬ 
kens  based  s'  ,;^tly  on  statistical  information  available  from 
an  inadequate  raining  set.  In  particular,  if  the  training  set 
is  small,  the  feature  distribution  may  only  coarsely  char¬ 
acterize  feature  space;  in  addition  the  a  priori  probability 
of  seeing  a  particular  object  at  random  in  the  training  set 
is  also  a  highly  unreliable  estimate  of  seeing  that  object 
in  the  world,  yet  plays  a  powerful  role  in  bayesian  deri¬ 
sion  functions  jI)uda73,Wood78].  Section  4.1.1  discusses 
in  more  detail  the  problems  inherent  in  Bayesian  methods 
when  the  si.Hi,isi,ical  sa triples  contain  ium  cm <u.e  01  imp. ei  use 
information,  see  also  [how82,Wes84|. 

2.1.2  The  Plausibility  Formalism 

The  approach  used  in  our  plausibility  formalism  differs 
in  many  aspects  from  the  rule  system.  Whereas  the  high 
level  goal  of  producing  object  hypotheses  for  a  knowledge 
cJirWled  wdwttk  f*  c-otttWww,  W  imtW  nywlnvn.,  cwm 

approach  is  not  thought  of  as  producing  a  ranking  of  re¬ 
gions  for  each  symbolic  object  (although  the  results  may 
ultimately  be  used  in  this  manner),  'file  outcome  is  in¬ 
stead  viewed  as  associating  with  each  region  an  evidential 
model  of  flic  current  state  of  interpretation. 

Our  general  approach  resembles  the  principles  behind  a 
least  commitment,  or  constraint,  propagation  system.  The 
system  uses  a  set  of  features  to  rule  out  possible  object 
hypotheses  until  only  a  small  set  of  initial  hypotheses  re¬ 
main.  Each  piece  of  evidence  results  in  an  assignment  01  a 
plausibilty  value,  to  each  hypothesis,  yeilding  a  plausibility 
funrti.n  defined  on  lit  ret  of  hy;M#wn«.  Each  phuvibit 
ity  value  is  generated  by  comparing  a  feature  value  for  an 
it,  age  eYr  I  non  It*  1  t  i  l  finiwwledgc  base  For  example,  t  he 
system  may  measure  the  average  c  ;lor  of  region  2;  the  value 
returned  is  then  compared  with  the  knowledge  base  for  each 
of  road,  foliage,  sky...  to  find  a  plausibility  value  for  each 
possible  semantic  abstraction.  The  plausibility  value  rep¬ 
resents  the  amount  to  which  that  hypothesis  should  not  he 
ruled  out,  as  a  possibile  hypothesis.  Each  plausibility  func¬ 
tion  represents  a  mass  function  (a  method  for  transforming 
n  Mil  ty  (Mr 1  it  Mai*  fuMliou  I*  diw  uifcw"  in 

Section  3.).  The  plausibility  functions  derived  from  each 
feature  measurement  are  combined  such  that,  they  repre¬ 
sent,  the  plausibilities  of  each  singleton  hypothesis  as  if  the 
equivalent  mass  functions  were  combined  using  Dempster’s 
Rule.  The  result  is  a  combined  plausibility  function  which 
represents  a  consensus  of  opinions  from  disparate  pieces  of 
evidence.  Figure  2.2  shows  the  construction  of  a  plausibility 
function  given  a.  feature  measure  and  a  knowledge  base. 

ii  is  in.,",. I*.. i  to  i.ii'h  i.statt  1  fRM,  th.t  T'to’isiMftyfwirc- 
tions  returned  by  each  knowledge  source  are  not,  statements 
about  the  probability  of  a  hypothesis  in  a  Bayesian  view. 
The  role  of  a  plausibility  value  is  to  rule  out.  unlikely  states 


of  nature.  The  minimum  seinant.ie  requirement  for  a  plau¬ 
sibility  value  is  that  it  represent,  the,  extent  to  which  a  state 
of  nature  should  not  ho  rilled  out.  given  an  event. 

2.1  3  Differences  in  Evidential  Repres  ,  plat, ion 

in  1  he  rule  system,  a  vole  ran  have  one  of  three  differ¬ 
ent  effects  on  an  object  hypothesis  If  the  vote  is  (,  "wee- 
zero  and  one,  this  supplies  Suppoi  til.g  cvidiTnt,  «  vOi.t  id 
oo  vetoes  an  object  hypothesis  altoget  her,  and  a  vote  c  f 
zero  is  noncommittal.  The  final  score  represents  siipproD  ■» 
evidence  for  a  particular  object.  On  the  surface,  the  ni  t"  '- 
bility  formalism  only  allows  ruling  out,  hypotheses,  i  ii1  b, 
transforming  a  plausibility  function  into  a  mass  frnutio 
after  combination  we  are  also  able  to  represent  supporting 
e.idn.c  a.  well  i»A  the  p  sSiM'ft.J  that  ftf.  TiTW!RM4wiW»f*fcm 
may  not  be  any  of  the  objects  represented  by  the  set  al 
possible  hypotheses,  i.e.  ronflirt.iiig  evidence. 


Figure  2.2:  Constructing  Plausibility  Functions 
The  I, href*  shaded  curves  represent  the  knowledge  base  h>r 
Obj |,  Obji ,  and  Objx  in  the  form  of  plausibility  distributin'', s 
for  some  feature.  Given  a  feature  value  /,  the  plausibility 
value  i’t{t)t>j  |  J)  ran  be  determined  From  the  plausibittj 
distribution  as  shown  by  the  shaded  circles.  A  plausibility 
ftflittfcffl  isT.h,.  sfc%  J  plttHwiUWy  sMswwt  Mr  s  fiwn 

feature  value. 

Tin*  greiU'et  ad  vantage  of  the  Uempsler-Slmfer  approach 
is  its  representation  of  several  dilloront,  typos  of  evidence: 
support ing  evidence,  plausible  evidence,  anil  conflict  ing  ev¬ 
idence.  It  greatest  disadvantage  is  the  exponential  nature  of 
Dempster’s  Rule  and  the  explicit  representat  ion  of  the  pow- 
ersev  of  ail  ofjjei  t  by,,  rtfiesis.  *ysW-n.  pffwwfew  n  Wtl- 
nifjue  that,  allows  the  representative  power  of  the  Dempst.er- 
Shnfer  approach  1c  be  combined  with  the  computational 
efficiency  of  the  rule  system. 

3.  A  Computationally  Efficient  Approach 
to  Dempster-Shafer 

%  04*1# mMufllW'  flmiq*iLer-Kl  nfer  formalism  has 
been  t.lie  combinatorial  problems  related  to  use  of  the  pow¬ 
er, set  of  all  possible  hypotheses  in  Dempster’s  Rule.  As 
the  frame  of  discernment,  becomes  large,  the  computation 
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becomes  unmanageable.  To  overcome  this  combinatorial 
problem,  needed  is  a  way  t.o  represent  a  mass  function  us¬ 
ing  oidy  the  elements  of  the  frame  of  discernment  and  a 
combination  rule  that  is  equivalent  to  Dempster’s  Rule  for 
this  sim  lified  representation.  Reynolds  et  al  Rry  Sfib  de¬ 
scribe  a  method  whereby  knowledge  sources  need  not  ret  urn 
a  mass  function,  but  rather  a  plausibility  function  where 
each  individual  element  (f  the  frame  of  discernment,  0,  is 
assigned  a  plausibility  value  between  zero  and  one.  A  mass 
funct  ion  representation  for  a  given  plausibility  function  can 
be  obtained  using  the  formula: 


m(A) 


II  Pl{a  i  /)  II  (i  !  /)) 

aC  A  tifr  '/l 


(3.1) 


where  pi  [a  j  /)  is  the  plausibility  of  seeing  object  a  given 
a  feature  value  /  (see  figure  2.2).  The  conflict  value  of  a 
plausibility  function  is  defined  as 


k  no  /»/(« i /))■ 


(3.2) 


Given  two  plausiblity  functions  pl{[a  |  / , )  and  />/2(n 
/2),«  f  0,  we  define  the  combinat  ion  pln(a  I  /,  A  /2)  by  the 
rule 


Pi; I  / 1  A  /2) 


7>/,(o  |  /,)  -pl2(a  |  ft) 


,  o  <  0, 


Where  k  is  the  conflict  value  defined  above  for  pl^[a  |  jt  A 
/2)  Analogously  we  define  the  combination  of  an  arbitrary 
number  of  plausiblity  functions. 

It  is  shown  in  [Rey86b|  that  this  combination  rule  pro¬ 
duces  the  the  plausibilities  of  the  singletons,  as  defined  in 
the  Dempster-Shafer  theory,  when  1. ho  mass  functions  gen¬ 
erated  by  formula  3.1  are  combined  using  Dempster’s  Rule. 
The  terms  plausibility  values  and  plausibility  functions  were 
chosen  to  point  out  this  equivalence.  A  complete  discussion 
and  proof  of  the  equivalence  of  this  simple  representation 
and  multiplicative  rule  with  a  class  of  mass  functions  and 
Dempster’s  Rule  ran  be  found  in  Reynolds  et,  al.  ]ReyRfil>|. 

4.  Defining  the  Knowledge  Base 

In  any  image  understanding  scheme  one  of  the  most  ill- 
defined  tasks  is  that  of  defining  the  knowledge  base.  To 
overcome  the  problems  of  an  inaccurate  training  set,  the 
rule  system  creates  its  knowledge  base  by  hand  using  the 
histogram  of  a  set  of  training  instances  for  heuristic  guid¬ 
ance.  On  the  other  hand,  Bayesian  techniques  address  the 
problem  of  efficient  definition  of  object  rules  for  a  given  fea¬ 
ture  in  terms  of  their  conditional  probability  distribution, 
but  these  techniques  lark  the  ability  to  handle  iiiarurate 
or  insufficient  sample  sets.  In  this  section  is  to  discussed 
a  method  for  building  a  knowledge  base,  railed  plausibil¬ 
ity  distributions ,  determined  directly  by  the  statistics  of  a 
training  set  of  image  primitives  (in  this  sense  similar  to 
bayesian  techniques),  but  which  ran  also  deal  with  certain 
kinds  of  uncertainty  inherent  in  the  training  set.  In  par¬ 


ticular  we  address  the  situation  where  the  training  set  is 
sufficient  to  show  where  an  object  lies  in  feature  spare,  but 
the  a  priori  estimate  of  seeing  that  object  in  the  world,  a 
estimated  by  the  number  of  samples  in  the  training  set, 
b  inadequate  with  regard  to  identifying  objects  in  feature 
spare. 

4.1  Criteria  for  Plausibility  Distributions 

The  approach  taken  by  Hanson  and  Riseman  |Ilans86] 
describes  a  method  for  heuristically  assigning  a  rule  score 
based  on  the  feature  distributions  for  a  particular  object 
in  relation  the  feature  distribution  for  the  entire  image  (or 
set  of  images).  Our  intent  is  to  use  statistical  information 
lo  automatically  constructs  a  knowledge  base  of  plausibil¬ 
ity  distributions  given  information  information  about  the 
frequency  distribution  of  a  set  of  training  instances. 

'I  he  need  is  to  find  some  function  which  characterizes 
the  area  in  feature  space  in  which  an  object  lies  and  also 
takes  into  account  the  relationship  between  the  object  and 
total  world  sample.  If  we  pick  a  set  of  pixels  to  represent 
some  object,  and  a  set  of  features  over  which  to  charac¬ 
terize  each  object,  then  we  have  the  following  statistical 
information:  the  frequency  of  seeing  a  particular  feature 
value,  /)(/)  and  the  frequency  of  seeing  a  particular  feature 
value  and  a  particular  object,  /?(/  A  o).  (See  Figure  1.1.) 


Figure  4.1:  Frequency  distributions 
The  larger  curve  represents  the  frequency  of  seeing  a  partic¬ 
ular  feature  value,  denoted  by  h(f).  This  is  the  distribution 
of  the  feature  over  the  entire  population  of  samples.  The 
smaller,  shaded,  curve  represents  the  frequency  of  seeing  a 
particular  feature  value  and  a  particular  object,  /i(/Ao),  the 
distribution  of  the  feature  over  only  those  samples  labeled 
object,  n. 

Romo  considerations  in  evolving  a  system  for  producing 
automatic  plausibility  distributions  include: 

Statistical  Accuracy:  What  statistical  information  is  avail¬ 
able  from  a  training  set  of  object,  instances,  what  as¬ 
sumptions  ran  be  made  about  the  accuracy  of  these 
statistics,  and  how  useful  is  this  information  for  dis¬ 
crimination  and  recognition? 


Semantics  of  a  Plausibility  Value:  What,  arc  the  spe¬ 
cific  semantics  of  a  plausibility  value,  with  respect  to 
onr  plausibility  formalism. 

Size  of  file  Training  Set:  Should  the  final  plausibility  dis¬ 
tribution  be  independent  of  the  number  of  positive 
training  instances  for  a  particular  object  in  the  world? 
For  example,  if  30%  of  the  training  instances  are  object, 
and  20%  are  object  j ,  should  the  relative  plausibility 
of  finding  object,  over  object  j  he  dependent  upon  the 
probability  of  picking  object,  out  of  the  training  set 
at  random  (this  is  the  classic  discussion  about  the 
validity  of  a  priori  statistics)?  It  may  or  may  not  he 
reasonable  to  assume  a  priori  that  certain  objects  are 
more  likely  to  be  seen  than  others. 

We  briefly  discuss  each  of  these  considerations  in  the 
next  three  sections. 

4.1.1  Statistical  Accuracy 

We  must  first  address  the  question  of  the  accuracy  of 
StMMUei  c.Jlected  over  «  set  of  t mining  instances  Any 
matching  or  inference  technique  is  only  as  good  as  the  rep¬ 
resentation  of  the  world  knowledge  as  defined  hy  a  train¬ 
ing  set,,  and  the  qualify  of  the  information  returned  hy  the 
processes  which  measure  the  features  to  lie  compared  with 
the  world  Knowledge.  In  complex  domains,  both  areas  are 
subject  to  uncertain,  imprecise  and  occasionally  inaccurate 
information  |Low82],  One  concern  with  probabilistic  meth¬ 
ods  is  the  amount  of  information  needed  to  assure  quality 
statistics.  To  accurately  compute  the  conditional  probabil¬ 
ity  of  seeing  a  particular  state  of  nature  tv  given  a.  feature 
measure,  p(tv  |  J),  requires  the  a  priori  knowledge  ol  see¬ 
ing  tv  given  no  other  information  p(tv),  the  probability  of 
perceiving  a  particular  feature  measure  />(/),  and  the  prob¬ 
ability  of  seeing  a  particular  feature  measure  given  a  state 
of  nature  p(f  |  tv).  At  best,  this  information  is  difficult 
to  obtain  or  reliably  estimate.  Sources  of  uncertainly  ran 
arise  through  innnrnrat.o  feature  measures,  incomplete  data 
sets,  aliasing  resulting  from  digitization  and  region  segmen¬ 
tation,  and  inarnrnle  regior  segmentation. 

4.1.2  Semantics  of  a  l’lalisil(ilit>  Valin 

Secondly,  we  look  at,  the  desired  semantics  of  a  plnu- 

vnlrf*'.  TW  itVjiWlltt1  »l  lllie  fM-gc  ef  rhletittvi  -ttioh 
cannot  be  emphasized  enough.  When  the  interpretation 
begins,  each  token  is  possibly  any  object  contained  in  the 
frame  of  discernment  or  the  unknown  event,  moreover  the 
features  used  to  characterize  object  hypothesis  at  this  level 
are  extremely  primitive.  Therefore  the  goal  is  not  object 
classification,  but  rather  a  pruning  of  possible  hypotheses. 
With  this  in  mind,  the  minimum  semantic  requirement  of 
a  plausibility  value  is  that  it  represent  how  much  an  object 
should  not  he  ruled  out  given  a  particular  feature  measure. 


4.1.3  Size  of  the  Training  Set 

Finally,  some  understanding  must,  be  reached  about  the 
size  of  the  sample  set  for  each  object  in  the  frame  of  discern¬ 
ment.  Using  Bayesian  techniques,  the  conditional  probabil¬ 
ity  p(w  j  /)  represents  both  the  probability  of  seeing  object 
tv,  p(tv),  and  knowledge  about  the  probability  of  seeing  fea¬ 
ture  measure  /  given  tv,  p(f  |  tv). 


p(w  I  /) 


p{{  [  tv)p(tv) 

P(f ) 


Consider  the  two  object  case,  with  objects  uq  and  tv2.  (liven 
equal  probability  for  p(f  |  tv,)  and  /)(/  |  tv2)  then  the  de¬ 
cision  process  is  based  solely  on  the  the  values  for  p(tv,) 
and  p(tv2).  In  our  paradigm  of  using  sample  regions  hand 
landed  as  the  training  set,  then  these  two  a  priori  proba¬ 
bilities  are  based  solely  on  the  number  of  samples  for  any 
object  in  the  training  set.  This  is  not  an  adequate  estimate. 
A  crfrTVpTwTTtfSi’  has  tw"i,  1+rM  a  pr edi¬ 

bility  p(tv)  is  assumed  equal  for  all  objects  and  thus  can  be 
removed  from  the  calculation  leaving  the  likelihood  ratio, 


p(f  M 
p(f) 


A  Mt.-k'  grt'McT  fhrw  1  IWtlicBtWw  flwM '  Hat  Nna*- 

/  is  more  likely  to  occur  for  this  particular  object,  than  for 
some  random  object.  A  ratio  equal  to  1  indicates  no  infor¬ 
mation,  and  less  than  1  states  that  the  feature  value  /  is 
more  likely  to  occur  by  chance  for  any  object  than  it,  is  for 
a  particular  object  W|.  This  ratio  is  the  theoretical  foun¬ 
dation  underlying  the  heuristic  approach  of  Hanson  and 
1  Use  man  (Ibnvifij  and  lifts  also  been  employed  by  Woods 
in  speech  understanding  [Wood78j.  If  the  a  priori  stat  ist  ics 
are  assumed  to  be  innacurate,  this  is  still  not,  a  reasonable 
solution  because  the  a  priori  statistic  p(tv)  is  still  present, 
in  the  term  p(f  |  iv). 

H  Tt  w  Ijontalhu^ltUlUJJlSlULUl  ofyjecl  are  more 

likely  to  appear  than  other  object,,  then  some  estimate  of 
the  a  priori  probability  may  be  devised.  On  the  other  hand, 
if  you  assume  that  the  a  priori  probabilities  are  ill  defined  at, 
best,  then  it  is  not  good  enough  to  simply  remove  that,  term 
from  the  computation  of  the  conditional  statistic,  rather 
some  efTort  must  be  made  to  factor  out,  the  size  of  the  sam¬ 
ple  over  which  the  probabilities  are  calculated. 

In  the  domain  considered  here  the  number  of  samples 
for  a  given  object,  o,  is  not  be  an  adequate  estimate  of  t  he  a 
priori  probability  of  seeing  that  object,  in  the  world.  Indeed 
this  a  piiori  probability  may  be  impossible  to  determine. 
However  the  number  of  samples  does  influence  /:(/)  and 
/,,(/  A  o).  What  is  n°eded  is  to  find  the  range  oT  feature 
values  associated  with  a  given  object  and  to  factor  out  any 
effects  related  to  the  probability  of  picking  an  object  at 
random  out.  of  the  training  set,. 

In  summary,  early  work  on  the  generation  of  feature 
fuJip  Itut  i  wul  HUdumii  ■  iJmJ  Ifo*  (m 

obir  !  should  he  influenced  not  only  by  the  its  conditional 


feature  distribution,  but  also  by  its  relationship  to  the  fea¬ 
ture  distribution  of  all  the  objects  in  the  entire  training  set. 
In  addition,  we  set  as  our  goal  that  the  linal  plausibility  dis¬ 
tribution  should  be  characterizations  of  feature  ranges  and 

4.2  Automatic  Generation  of  Plausibility 
Distributions 

For  a  given  feature  value  consider  the  ratio  of  the  height 
of  a  frequency  distribution  for  a.  given  object,  h(f  A  o,),  to 
the  height  of  the  frequency  distribution  for  all  training  ob¬ 
jects  h(f)  (see  Figure  ■!  1).  This  ir  by  delinitirn  an  ent.imafe 
of  the  conditional  probability  1 


flb.  i  n 


h(f  A  o.) 


Similarly  defined  are  the  estimates  71(0,),  the  relative  fre¬ 
quency  of  seeing  object ,  in  the  knowledge  base  and  />(/), 
the  relative  frequency  of  fuviiig  a.  particular  feature  value 
/■ 

p(oj)  =  -M°b-leCi-'  _  ^!h{f  Ao.)  ,  , 

[  l  tof  object,  E fh{f)  11 

p(f]  ~  zjh in  (<l,3) 

As  mentioned  r*rEiir,  J  c  desjp^liV  rli* i-rclei'isll*  of  m 
plausibility  distribution  is  that  it  be  relatively  invariant 
with  respect  to  the  size  of  the  training  set  used  to  model 
flu  feature  tlistiibution.  That  is,  two  distributions  dilfer- 
ing  only  in  the  size  of  the  sample  set  over  which  they  are 
dgfl iiwl  ‘'liwiht  Imw  the  rawHe  p+wtsi-htiTty  rfetritrfrtwv.  W<. 
can  show  that  one  way  of  accomplishing  this  behavior  is 
to  use  the  estimate  of  the  a  priori  probability,  p(ot),  as  a 
decision  threshold  on  t.be  conditional  probability  p(o,  |  /). 
If  the  value  of  p(o,  \  f)  is  at  least  as  large  as  the  estimate  of 
seeing  o,,  p{oi),  assume  a  plausibility  value  of  1,  otherwise 
norm -due  by  p(o,)  We  now  leave  the  f., Hewing  tl,  hnitiou  D, 
a  plausibility  function. 

Definition:  For  each  object  o ,  and  each  feature  f  we.  de¬ 
fine  a  plnusibilty  value  for  object  o,  given  feature  f  as 
follows:  2 

ri(o,\f)  Mm(l.0,-^-O,k  (t.t) 

VVe  can  now  examine  the  behavior  ol  a  plausibility  value 
with  respect  to  the  size  ol  the  training  set  that  makes  up 
our  statistical  samples.  To  do  this  we  must,  look  at  the 
behavior  of  7,1  f  7\o  ) 

_ _  _  MpW  1  '  1 

1  Wp  will  use  (.lie  notation  f>  to  indicate  the  use  of  estimates  of  proh- 
amTiiies  based  on  discrei.e  samples. 

2  A  full  discussion  of  this  definition  and  proof  of  related  theoniis  can 
he  found  in  [Rey80h|. 


with  respect  to  two  objects  with  the  same  distribution  but 
with  difference  sample  sizes.  Given  two  objects,  o,  and 
o2,  we  can  show  that  Pl(o,  |  f)  I’l{o2  \  f)  regardless 
of  the  difference  in  the  size  of  p(o,)  and  ,*>' o2 )  as  long  as 
tj.  disiiibutiwii  101  the  Two  objects  occupy  1, lie  same  area  in 
feature  space. 

Theorem:  Let  p(f  A  o2)  =  opf/Ao,)  and  p(o2)  (*p(o,) 

where  at  is  some  scalar ,  then 

HI  A  02)  _  ap(f  A  o,)  _  p(f  A  o, ) 
p(f)fi(°  2)  p(f)np{°  1)  p(f)H°  1) 

We  show  in  figure  (d.2)  that  this  function  indeed  charac¬ 
terizes  the  proportion  of  feature  space  in  which  the  objects 
feature  distribution  lies  and  minimizes  I, lie  effect  of  (lie  sam- 

1  1^  C  tT  jf.  P  Whu'lt  E.  i  i  ..i.iil.i  k.nn  nit  l.aki  11  us  .S  l,  cl  1..-1 1  by  1, lie 

above  theorm. 


5.  Using  Plausibility  Functions  for  Initial 
Hypothesis 

III  this  experiment  we  started  with  six  images  of  New 
England  road  scenes  digitized  to  a  resolution  of  250  x  250 
pixels.  Each  image  was  (.lien  segmented  using  a  knowledge 
based  segmentation  technique  (Hans87|.  Each  region  was 
hand  labeled  as  one  of  the  following  labels  {ambiguous, 
barn,  dirt,  foliage  rass,  gravel,  bouse,  photipnojo  prji' 
post,  railing,  road,  roadline,  sign,  sky,  sky-tree,  tree-trunk, 
wire},  but,  only  objects  with  a  significant  number  of  occur¬ 
rence's  in  tin  training  set  Were  used  in  the  frame  of  discern¬ 
ment,  The  context  for  this  experiment  is  defined  by  the 
fi»Ucw.f'  ig  Ur  ,  Irs-urf  Tljuih.-mr-rtt  rmr)  *H,  id  f  M.nrc 
spaces: 

Question:  “What  are  the  plausible  semantic  labels  for  this 


Frame  Of  Discernment,:  {foliage,  grass,  gravel,  road,  road 
line,  sky,  sky-tree,  trunk}.  ;i 

Feature  Spaces:  Four  feature  categories  were  used;  In¬ 
tensity,  Color,  Location  and  Texture. 

•  Intensity  Features:  Y  color  transform,  Inten¬ 
sity  color  transform,  Raw  red,  Raw  green,  Raw 
blue. 

•  Color  Features:  Percentage  of  red,  Perrent- 

u#*"  ri  .  r'lW'ii  TVipJiwl  43*  <4  Mfs,  fed ,  fix 

cess  green,  Excess  blue,  Hue,  Saturation,  Q  color 
transform,  I  color  transform. 

•  Twtt.tttv  Ft  ntwt'si  Horizontal  edge  measure, 
Vertical  edge  measure,  Lower  diagonal  edge  mea¬ 
sure,  Upper  diagonal  edge  measure. 

•  Local  Kill  FVa  t.ll  ?V'C  •  l?mv  p  >|  (Vfcjr|> 

3Ttie  unknown  object.  is  not  explicit  but  rather  implicitly  repre¬ 
sented  by  ttie  conflict  value  k. 
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Figure  4.2:  Plausibility  distributions  of  synthetic  world  knowledge. 

This  graph  shows  the  plausibility  distributions  for  synthetic  world  knowledge  as  defined  by  a 
set  of  four  ganssian  distributions  On  the  left  is  displayed  /»(/),  the  sum  of  the  ganssians,  with 
/).(/ An)  shown  separately  from  top  to  bottom.  On  the  right,  the  four  plausibility  distributions 
are  displayed.  Note  that  the  top  two  distributions  have  the  same  mean  and  t.  tnndard  deviation, 
and  their  plausibility  (list  ri  but  ions  are  ideut  ical.  The  dotted  horizontal  lines  pass  through  p(o) . 


No  information  about  object  size  or  shape  were  used  in 
this  set  of  experiments.  The  objective  was  to  use  a  sim¬ 
ple  set  of  feature  measures  to  reduce  the  set  of  possible 
object  hypotheses  for  any  particular  region.  In  particular, 
the  feature  measures  used  here  contain  little  or  no  spe¬ 
cial  knowledge  which  relates  to  a  specific  context.  The 
approach  is  not  strictly  classification,  but  rather  to  pro¬ 
vide  some  initial  evidence  for  an  hypothesis.  The  initial 
hypothesis  can  then  provide  information  about  a  more  spe¬ 
cific  context  to  he  used  ns  interpretation  continues;  with 
this  more  specific  context  are  more  specific,  perhaps  more 
expensive,  feature  measures.  Under  current  development  is 
a  system  for  extending  and  verifying  an  initial  hypothesis 
using  a  high-level  knowledge  based  system  implemented  in 
a  black  board  architecture  !\Veym8fi,l)rap8b|. 


The  knowledge  base  for  eacli  feature  space  was  formed 
over  the  feature  distribution  ol  the  hand  labeled  regions 
from  all  six  images.  The  feature  spaces  were  specifically 
designed  to  use  only  features  that  could  be  measured  over 
pixels.  For  each  feature,  a  feature  plane  is  defined  which 
encodes  a  feature  value  at  every  point  in  the  image.  The 
feature  planes  and  the  training  regions  are  then  used  to 
create  a  pixehvise  frequency  distribution  for  each  object  in 
the  frame  of  discernment.  An  alternative  is  to  define  the 
frequency  distributions  by  the  mean  feature  value  defined 
over  the  training  regions  and  to  weight,  the  mean  value  by 
the  size  of  the  region.  In  the  latter  method,  a  high  degree  of 
smoothing  is  required  to  produce  a  robust  frequency  distri¬ 
bution.  In  the  pixehvise  method  only  minimal  smoothing 
was  used.  During  the  interpretation  phase,  each  knowledge' 
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Figure  5.1:  Plausibility  distributions  of  Intensity. 

These  graphs  show  the  feature  histgrams  and  resulting  plausibility  functions  for  the  objects 
foliage,  grass,  gravel,  road,  roadline,  sky,  sky-tree,  and  total.  For  each  object,  the  lower  curve 
is  the  histogram  of  the  actual  feature  values  for  the  regions  in  the  training  set.  The  upper 
curve  is  the  resulting  plausibility  function.  Each  object  histogram  is  scaled  with  respect  to 
the  number  of  samples  contained  in  the  training  set  for  that  particular  object.  The  histogram 
for  total  in  the  lower  right  hand  corner  represents  all  regions  in  the  training  set  including 
those  whose  labels  are  not  included  in  the  set  of  possible  initial  hypotheses. 


source  returns  an  evidential  model  based  on  the  mean  fea¬ 
ture  value  of  the  region  in  question. 

In  addition,  no  plausibility  was  allowed  to  recieve  a. 
value  of  zero.  Due  to  the  multiplicative  nature  of  our  com¬ 
bining  function,  a  value,  of  zero  could  cause  a  hypothesis 
to  be  completely  ruled  out  based  on  errorful  information. 
Instead,  all  plausibility  values  were  normalized  between  .1 
and  1.  Figure  5.1  shows  the  plausibility  functions  gener¬ 
ated  for  the  feature  intensity,  where  intensity  is  defined  as 
fi  +  G  +  B/ 3. 


5.1  Understanding  Conflict 

In  Section  3.  we  discuss  a  combination  function  for  plau¬ 
sibility  functions  which  parallels  the  Dempster’s  Rule  ap¬ 
plied  to  mass  functions  This  combination  function  uses 
(1  -  l)  as  a  normalization  constant.  This  section  introduces 
other  possible  uses  of  normalisation  and  different  nonn.li- 
sation  constants  when  conflict  is  due  to  a  situation  other 
than  the  disagreement  of  knowledge  sources. 

An  approach  taken  in  the  rule  system  is  to  load  the  sys¬ 
tem  with  redundant  information  so  that  no  one  knowledge 
source  contributes  a  significant  amount  of  information  to 
the  interpretation  process.  This  is  desirable  if  any  of  the 


vv 


knowledge  sources  are  suspected  to  he  unpredictable  er¬ 
rorful.  Unfortunately,  in  the  approach  presented  here,  as 

till.  Uu  lift!  .>f  jf-J  '-tii  aii '1  t  (itlil  iij  tiv,  ,t  In  I  I  li.'i  ,  iiv  dlTCS 

the  conflict  between  plausibility  functions  in  the  interpre¬ 
tation  of  a  token.  In  particular  the  automatic  plausibility 
distributions  may  allow  many  objects  to  receive  a  small 
plausibility  value,  ruling  out  completely  no  one  object  for 
any  one  feature  value.  For  many  tokens,  each  object  in 
the  frame  of  discernment  will  be  ruled  out  to  some  signifi¬ 
cant,  degree  by  at  least  one  piece  of  evidence  due  to  errorful 
data  (e.g.  innacurate  feature  measurement  due  to  aliasing 
or  poor  placement  of  a  segmentation  boundry).  This  situ¬ 
ation  introduces  conflict  into  the  final  interpretation  which 
is  not  due  to  the  detection  of  an  unknown  image  event. 

Using  Ibe  oFjl  k)  we  .we  aWe  to  e*,»fk 

itly  represent  an  unknown  event  by  the  value  of  k  in  each 
plausibility  function.  Intuitively,  the  amount  to  which  two 
knowledge  sources  do  not  agree,  k,  indicates  the  amoupt.  to 
which  the  correct  initial  hypothesis  is  not  contained  in  the 
frame  of  discrenment.  Normalizing  a  combined  plausibility 
Nrirtiiii  !>y  jl  l- j  Fjroduces  plausihilit.  values  identical 
to  the  plausibilities  over  the  singletons  of  the  equivalent 
mass  function  obtained  using  Dempster’s  Rule  and  allows 
an  unknown  event  to  occur  and  be  represented  as  conflict. 

It  has  been  argued  that  normalization  is  used  to  elimi¬ 
nate  or  hide  a  contradiction  of  aggregate  evidence  (Zad83). 
It  must  be  noted  that  with  a  multiplicative  combination 
function,  the  use  of  no  normalization  will  create  monoton- 
ically  decreasing  plausibility  values.  This  means  that  any 
evidence  supplying  a  plausibility  value  less  I, ban  1.0  ran 
only  detract  from  a  hypothesis,  and  the  more  evidence  that 
is  accumulated,  the  more  the  system  will  become  suscepti¬ 
ble  to  errorful  data.  The  use  of  a  normalization  by  (1  k) 
however  keeps  the  system  from  being  a  monotonically  de¬ 
creasing  system,  preserves  the  semantics  of  the  plausibility 
values  as  the  plausibilities  of  the  singleton  subsets  of  the 

rd ’fed  nasi  (unction,  and  preserves  the  representation  of 

the  unknown  object  as  conflict. 

5.2  Interpretation  Strategies  and  Future 
Work 

In  these  experiments,  the  Deinpster-Shafer  formalism  is 
Tell  us«d  'll  HU  *Jn1  lu  rmciHM#.  lull.  FflUii'f  W  P  represen¬ 
tation  formalism  for  evidence.  The  interpretation  strategy 
to  be  employed  after  initial  hypothesis  generation  dictates 
some  of  the  desired  qualities  for  a  decision  over  the  set  of 
initial  hypothesis.  One  approach  might  be  to  use  the  ini¬ 
tial  hypothesis  to  indicate  exemplar  regions,  regions  which 
most  look  like  grass  for  example.  These  regions  ran  then  be 
used  to  constrain  the  interpretation  of  neighboring  regions, 
on  the  other  hand,  the  initial  hypothesis  ran  be  viewed  as 
simply  reducing  the  set  of  possible  hypothesis. 

ffcvi.ial  dliTcr  Tit  dedstnr,  st.firtegf.-s  iwr  urtfow-tf  4  cre¬ 
ating  the  initial  set  of  hyotheses  for  this  experiment.  'Flic 
simplest  strategy  is  to  normalize  out  all  conflict  contained  in 
a  plausibility  function  (by  dividing  the  plausibility  function 


by  the  maximum  plausibility  value)  and  use  these  numbers 
for  ranking  objects.  This  strategy  does  not  allow  the  rep- 
ic.-iviicilio.i  of  cue  unknown  object.  Normalizing  by  jl  -  k ) 
allowed  an  explicit  representation  of  the  unknown  event. 
Another  strategy  suggested  uses  the  idea  of  consistent  ev¬ 
idence.  A  simple  strategy  can  be  used  to  lind  the  most 
likely  object.  Next,  all  plausibility  functions  which  rule  out 
to  some  significant  degree  the  top  ranking  object,  as  pro¬ 
duced  by  the  simple  strategy,  are  then  removed  fioto  ti  e 
final  combination  of  evidence. 

The  decisive  factor  for  determining  the  best  decision 
strategy  at  any  step  in  the  interpretation  should  be  the 
context  and  objectives  of  the  interpretation  system  as  a 
whole.  There  may  be  only  a  few  relevant  control  (control 
*V:-iu  t  u .Pif  L-J  liMUtfgit'i  up  iMittrrd  iuny  Iwrern  a  hl^dUy 
variant  context  dependent  process. 

6.  Rpsults  and  Figures 

The  hypotheses  displayed  in  this  section  are  initial  hy- 
s  Ui  b%  iuu»J  l  a  k.K  njludgf-duiiv  uJ  oitpIftfUtuieilt 
image  interpretation  system.  The  initial  hypotheses  can 
verified  and  used  to  create  a  contextual  environment  in 
which  to  hypothesise  objects  not  defined  by  the  frame  of 
discernment,  hallucinate  the  merging  or  splitting  of  image 
tokens,  and  in  general  aid  in  the  development  of  a  mapping 
between  image  events  and  world  events. 

We  chose  the  following  two  step  combination  scheme 
using  the  multiplicative  combination  function  defined  by 
formula  3.3: 

1.  Combine  all  the  plausibility  functions  for  each  of  the. 
four  feature  spaces  (i.e.  intensity,  color,  texture  and 
location)  and  normalize  each  by  (1  -fc),  with  k  defined 
by  for  each  plausibility  function. 

2.  Combine  the  four  resulting  plausibility  functions  and 
again  normalize  by  (1  -  fc),  with  k.  defined  by  the 
combined  plausibility  function. 

By  combining  the  evidence  for  each  category  of  features 
first,  we  were  able  let  each  group  have  equal  weight  in  the  fi¬ 
nal  combination.  For  instance,  there  are  ten  color  features, 
but  only  one  location  feature.  By  combining  (lie  color  fea- 
rrrur  .I'dizi  y  h»fon  mnddUm*  frith  Ittn  location 
feature,  we  were  able  to  represent  color  and  location  equally 
in  the  final  interpretation.  Once  the  evidence  contained  in 
each  plausibility  function  is  combined,  a  mass  function  is 
constructed  as  discussed  in  Section  3.  to  represent  the  final 
evidential  model. 

Figure  6.2  through  figure  6.6  each  show  four  pieces  of 
information  for  a  particular  object  hypothesis.  The  terms, 
sh ppofl,  pin iisibffih/,  Sihyti.ton  objects,  alid  Jiiusti  unriie  afe 
used  in  terms  of  the  Dempster-Rhafer  theory  of  evidence. 
Jtrkf  o(  ttasp  'w  tcnuiit  in  ft.pppn(tm 

A.  For  each  piece  of  information,  the  intensity  encodes  a 
numeric  value  with  darker  regions  representing  higher  num¬ 
bers. 


This  is  displayed  from  loft,  t.o  right,  top  to  bottom  as  conflict 
from  color,  intensity,  texture  and  location  respectively  in 
figure  6.8. 


•  The  top  left,  quadrant  displays  all  the  regions  which 
would  answer  the  question  “What  are  all  the  regions 
initially  hypothesised  as  object  X?",  where  X  repre¬ 
sents  the  object  under  consideration.  An  object,  is 
considered  as  an  inital  hypothesis  if  it  is  contained  in 
the  highest  ranking  subset  of  the  final  mass  function. 

•  The  top  right,  quadrant  shows  the  mass  value  assigned 
to  t,ho  highest  ranked  subset  for  those  regions  dis¬ 
played  in  tlte  lop  left  quadrant. 

•  The  bottom  left  shows,  for  every  region  in  the  image, 
tin,  wiy  (ttJiiM  Ibte  lb*  net  ■mnlniwwg  llw  wwglei'.'W 
object  under  consideration.  'Pile  support,  is  computed 
from  the  final  mass  function  and  can  be  thought,  of 
as  the  lower  bound  on  the  system's  belief  that  this 
region  is  this  object. 

•  Fbrdly,  (,!*„  hdU.  ‘.i tight  -lispl'tyr  Hre  pl  t.'xribdity  v.dn 
for  the  set  containing  the  singleton  object  under  con¬ 
sideration.  Again,  the  plausibility  is  computed  from 
the  final  mass  function  and  can  be  thought  of  as  the 
upper  bound  on  the  system’s  belief  that  this  region  is 
this  object. 

In  figure  6.7,  the  combined  conflict  obtained  for  each 
TCgioTi  Is  displayed.  A  hlghtmilmf  vdhn  (i.e.  <i  dill h  i egion) 
indicates  a.  large  amount  of  disagreement  between  separate 
pieces  of  evidence.  This  is  the  value  for  k.  contained  in 
the  normalization  constant  of  the  combination  function  (see 
formula  3.2).  The  conflict  measure  can’be  used  to  pinpoint 
areas  which  may  need  more  verification.  Also  of  interest 
iS  the  Conflict;  obtained  by  ,:m.h  mien  mi  Ji.ite  combina  tion. 


7.  Conclusion 

We  have  presented  here  a  method  which  automatically 
generates  a  knowledge  base  for  the  formation  of  initial  ob¬ 
ject  hypotheses  using  statistical  information  provided  from 
a  set  of  training  objects.  The  plausibilty  formalism  uses  a 
computationally  efficient  approach  to  the  Dempster-Shafer 
farmlwui  bn  ■  rjM  iimu' ■  iug  ■WHuhuwwft  tvhlf.tiK  .  Tb 

Dempster-Shafer  formalism  is  used  for  its  rich  evidential 
representation.  Our  system  addresses  the  problems  of  us¬ 
ing  hvmislic  methods  lor  const, ructiTtg  a  knowledge  base 
and  combining  evidence  as  well  as  the  problems  of  a  strict 
Bayesian  approch.  Presented  is  a  set  of  results  showing  our 
plausibility  theory  applied  to  a  set  ol  color  outdoor  road 
scenes  which  shows  that  the  approach  has  significant  po¬ 
tential. 
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Figure  0.1:  Intensity  Image 

'Phe  intensity  image  digitized  t.o  a  resolution  oT  256  by  256. 
The  intensity  was  computed  from  the  red,  green,  and  blue 
planes  using  the  formula  U  I  C  |  li/3. 


530 


O  •;  •;  »  ■;  Tv  -/1  *  v  v  .*  >  v  v  V  •. 


an  <■ 

’iOc'VJsS* 


Figure  G.6:  Initial  Hypotheses  for  Sky 


Figure  0.5:  Initial  Hypotheses  for  Sky- Tree 


Figure  6.4:  Initial  Hypotheses  for  Foliage 


Figure*  0.7:  Total  Combined  Conflict. 
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Figure  G.8:  Conflict  for  Color,  Inten¬ 
sity,  Texture,  and  Location 


A.  Dempster-Shafer  Tutorial 

A.l  Dempster-Shafer  —  An  Intuitive  Ap¬ 
proach 

The  Dempster-Shafer  theory  of  evidence  provides  a  rich 
set  of  semantics  for  representing  and  combining  evidence 
and  can  be  viewed  as  a  least,  commitment  approach.  Each 
piece  of  evidence  is  intended  to  reduce  a  set.  of  possible  hy¬ 
potheses.  Tlie  consensus  of  many  pieces  of  evidence  is  then 
used  to  focus  on  the  smallest  possible  set  of  hypotheses. 
Dempster’s  combination  rule  is  the  heart  of  the  system  and 
much  literature  can  be  found  describing  its  focusing  meth¬ 
ods  [Shaf76,Ln84,Low82,Wes84,l?cy8(>n,l?cy8(>b|. 

A. 2  Terms  and  Concepts 

The  Dempster-Shafer  theory  of  evidence  can  be  broken 
up  into  several  concepts: 

Frame  Of  Discernment :  A  framework  which  defines  a 
set  of  possible  hypotheses,  or  possible  answers  lo  a 
given  question.  The  frame  of  discernment,  defines  a 
set  of  assertions:  This  is  mi  V.  where  ,V  is  an  (de¬ 
ment  of  the  frame  of  discernment.  A  frame  of  dis¬ 
cernment  is  defined  to  contain  all  possible  answers  to 
the  question  to  be  answeed.  This  assumption  can  be 


fulfilled  by  the  addition  of  some  “unknown”  object 
which  represents  all  answers  not  explicitly  contained 
in  the  frame  of  discernment.  The  set  which  contains 
all  elements  of  the  frame  of  discernment  is  represented 
by  0. 

A  Mass  Function:  A  structure  for  representing  evidence 
which  maps  a  unit  of  belief  over  the  powerset  of  the 
frame  of  discernment.  The  mass  value  assigned  to 
a  subset  of  the  frame  of  discernment  quantifies  how 
much  the  belief  is  contained  in  the  system  that  exactly 
that  subset  of  hyj  ot.heses  is  the  best,  answer  to  the 
question. 

A  Feature  Space:  Fiach  feature  spare  is  fashioned  to  pro¬ 
vide  information  needed  to  answer  some  particular 
aspect  of  the  given  question.  A  set  of  feature  spaces 
are  designed  to  bring  together  many  aspects  of  Idle 
evidence  needed  for  an  inference. 

A  Knowledge  Source:  Maps  a  feature  value  for  a  spec¬ 
ified  feature  space  into  a  representation  suitable  for 
combining  with  other  evidence  given  a  combination 
rule,  in  this  case,  a  knowledge  source  maps  a.  feature 
value  into  a  mass  function  to  be  combined  with  other 
pieces  of  evidence  using  Dempster’s  Rule. 


Dempster  s  Rulo:  Dempster's  Rule  combines  evidence  as 
represented  by  two  mass  functions  to  create  a  consen¬ 
sus  of  opinion.  Dempster’s  Rule  is  boll)  associative 
and  commutative  providing  means  for  several  pieces 
of  information  to  brought  together  as  combined  ev¬ 
idence.  Mathematically  Dempster's  Rule  is  the  or¬ 
thogonal  sum  of  two  mass  functions  and  is  defined 
foll./Wh;  F.-if  t-SerV  < ' 


by  a  mass  function.  Of  initial  importance  is  t  he  information 
obtained  by  asking  the  following  questions  for  a  given  sub¬ 
set  A:  “What  amount,  of  of  evidence  supports  A  as  being 
t  he  correct  answer?”,  “What  amount  of  evidence  refutes  A 
as  being  the  correct,  answer?”  and  “What  amount  of  evi¬ 
dence  fails  to  refute  A  as  being  the  correct  answer?”.  The 
values  obtained  by  asking  these  questions  arc  the  referred 
to  V)*  ,Shp]n.  r?,  i,/7i  1  {hid  7  EuTrStHlrlij  r,.K]  V.cllv  !y. 


m,  ®  m2(0) 


Ean/i  r  ”'iM)  '  "D(^) 


m,(/t )  ■  irin\  li ) . 


k.  is  precisely  a  statement  about,  how  much  disagree¬ 
ment,  exits  between  tile  two  pieces  of  evidence. 


tfnpjv«rt,  Dryrbt,  IVrrtfirlr  tVMtics  Tidikt1) 

describe  the  degree  to  which  some  member  or  some 
subset  of  the  frame  of  discernment,  is  tin1  correct,  an¬ 
swer  to  a  given  question. 


In  the  Dempster-Shafer  approach,  t  he  object  space  is  de¬ 
fined  over  the  powerset  of  all  possible  objects.  A  hypot  hesis 
then  is  not,  merely  an  element  of  the  frame  of  discernment, 
but  rather  a  set,  of  objects.  Baclt  knowledge  source  is  re¬ 
sponsible  for  distributing  a  unit  of  belief  across  the  subsets 
of  the  frame  of  discernment.  The  resulting  list,  of  object 
subsets  and  mass  values  is  a  moss  function.  Higher  mass 
values  are  associated  with  more  likely  hypotheses.  Three 
restrictions  apply  to  mass  functions;  each  subset  receives  a 
mass  value  between  zero  and  one,  the  empty  set.  receives 
zero  mass,  and  the  sum  of  the  mass  values  over  the  ob¬ 
ject  space  equals  one.  For  a  complete  discussion  of  mass 
functions  see  | Shafer] . 

In  general,  an  inference  problem  consists  of  a  question  to 
be  answered,  a  frame  of  discernment,  containing  all  possible 
answers  to  this  question,  and  a  set  of  feature  spaces  each 
designed  to  provided  some  piece  of  information  useful  in 
answering  the  question  at,  hand.  This  collect  :ou  is  termed 
a  context. 


Specific  attributes  of  the  Shafer  Demp¬ 
ster  Approach 


As  well  ns  providing  a  combination  rule  for  bringing  to¬ 
gether  disparate  sources  of  evidence,  the  Dempster-Shafer 
approach  provides  explicit,  information  about  supporting 
evidence,  plausible  evidence,  uncertainty  of  a  derision,  con¬ 
flict  between  knowledge  sources,  disbelief  and  no  belief. 
The  following  subsections  describe  these  types  of  informa¬ 
tion. 


A. 3.1  Supports,  Doubt,  and  Plausibility 


The  mass  values  associated  with  eac  h  subset,  in  the  ob¬ 
ject,  space  is  only  a  small  portion  of  the  information  supplied 


Spt(A)  -  Y  m(5)- 


Dbt.(A)  Y  4)' 


Pls(A)  Y  m(s)  1  Spt(-'A). 

rnA/9 


Figure  A.l  shows  graphically  the  relationship  between 
the  support,  doubt  and  plausibility. 


Figure  A.l:  Venn  diagram  of  support, 
plausibility  and  doubt. 

Spt{A)  =  m(A)  +  m(C). 

Pls(A)  —  m(A)  +  m(C)  +  m(D)  -t-  m(E). 
Dbt(A)  =  m(B). 


A. 3. 2  Knowledge  about,  Conflict 


Implicit  with  each  combined  mass  function  is  a  state¬ 
ment  about,  bow  the  knowledge  sources  involved  in  the  de¬ 
rision  process  agree  with  one  another.  This  is  known  as  the 
conflict  value  and  is  precisely  defined  by  Dempster’s  Rule 


k  Y  mt  (A)  m2(B). 
Ann-ill 


One  assumption  mentioned  earlier  is  that  all  possible 
objects  are  represented  in  the  frame  of  discernment.  .This 
may  be  accomplished  by  tbe  addition  of  the  unknown  ob¬ 
ject,  in  the  frame  of  discernment.  If  all  knowledge  sources 
are  required  to  give  some  mass  to  the  unknown  object,  t  hen 
k  0  for  all  combinations  of  mass  functions  and  the  con¬ 
flict  value  is  precisely  the  amount  of  mass  assigned  to  this 
unknown  object. 


A. 3. 3  Disbelief  versus  No  Belief 
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Disbelief  and  no  belief  can  be  discussed  both  in  terms 
of  a  mass  function  as  a  whole  and  about  a  particular  subset 
receiving  mass  within  a  mass  function,  booking  at  a  mass 
function  as  a  whole,  statements  about  support  and  plau¬ 
sibility  are  direct  statements  about  disbelief  and  no  belief. 

No  belief  is  represented  as  the  support  for  some  subset  being 
near  zero,  where  as  disbelief  is  represented  as  a  plausibility 
near  zero.  Looking  at  the  mass  values  themselves.  If  for 
a  given  subset  A  the  mass  value  is  near  one,  then  for  any 
a  C  A  the  system  provides  little  information  (no  belief)  for 
the  support  of  a  but  much  information  about  its  disbelief 
for  any  b  $  A.  Disbelief  about  the  systems  performance  in 
general  (or  about  a  knowledge  source)  is  contained  in  the 
appropriate  conflict  value. 
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ABSTRACT 

Tile  task  of  image  interpretation  is  viewed  as  a  coordinated 
process  in  which  high-level  interpretation  processes  and  low 
level  segmentation  processes  interact  through  what  is  known 
as  the  intermediate-level  of  processing.  Control  processes  at 
this  intermediate-level  respond  to  requests  from  the  interpre¬ 
tation  fjiueeasea  wliiCn  ale  expressed  in  terms  of  goals.  The 
presentation  of  a  request  for  low  level  processing,  which  is  rep- 
i  •niiiiiQ'j  ty  ihw  w  j.  tS  Twwh.'d*  the  I  -m 

intermediate-level  control  process  which  is  an  instantiation  of 
a  control  structure  known  as  a  schema.  The  set  of  schemas 
represented  at  the  intermediate- levei  define  the  types  of  goals 
which  may  be  processed  at  this  level. 

The  instantiations  of  the  schemas  utilize  knowledge  of  the 
image  domain  to  translate  the  goals  into  appropriate  low  level 
process  specifications  which  include  the  identification  of  the 
Uun,;e  featw*. ,  algjriUwi#,  .M'ivily  wM.ta^r.,  \.r  rider.  U,  Uv 
used  by  the  process  to  accomplish  the  desired  task.  These 
low-level  process  specifications  are  then  passed  to  a  low  level 
process  controller  which  directs  the  execution  of  the  process 
and  then  returns  the  results  to  the  intermediate  level  control 
process. 

Using  l.liis  control  paradigm,  high  level  interpretation  pro¬ 
cesses  gain  the  capability  to  create  or  refine  segment  a  I  ion  data 
according  to  predefined  goals  and/or  current  hypotheses  re¬ 
garding  the  content  of  the  image,  and  thereby  improve  the 
quality  of  the  overall  interpretation. 

1.  THE  INTERMEDIATE  LEVEL  OF  IMAGE 
INTERPRETATION 

Imago  interpretation  is  a  complex  process  through  which 
a  numeric  array,  representing  a  digitized  visual  scene,  can  be 
II i . •> I .  .1  to  pfVjV  uL  a  .Si’Ti .."in tlC  .f  ' ,,  i . j it.  ei  oTT-Ik  ,m  n,  com.eni.. 
One  subgoal  of  the  interpretation  process  is  linage  segmen¬ 
tation,  the  inw-ieve|  process  h”  which  the  d.igifitrul  uu?,yv  it 
abstracted  into  a  set  of  primitive  elements  which  may  be  used 
by  interpretation  processes  as  the  basis  for  the  construction 
-if  m  abtrtrart  sftr.b  IL  to  «H  ,f  1.1  IgimiT  *■  ,  Ai  fold¬ 

ing  to  many  commonly  accepted  views  of  interpretation,  image 

'This  work  wan  supported  in  part  by  the  Air  Form  Oflirn  of  Scientific 
Research  Grant  AFOSR-8G-002I,  (lie  National  Srienre  Foundation  Grant 
Dt’R-8318776,  and  DARPA  Contract  I)A(  'A7c>  8C,-(  -  Mill  it: 


segment  ation  is  simply  the  first  stage  of  the  interpretation  pro¬ 
cess.  We  take  the  view,  however,  that,  segmentation  is  a  process 
which  does  not  exist,  in  isolation,  but  rather  is  an  integral  part 
of  t  he  overall  image  interpretation  process. 

This  concept  of  the  interdependence  between  I  he  segmenta¬ 
tion  and  ml i  rpretal  ion  processes  lias  developed  slmvlv  over  the 
years  as  researchers  have  become  aware  of  the  difficulty  of  earh 
«f  itw  fihw  *T  HHII'I  .Cling.  Ml  Wliltfa  M  rfdrl,  a.  M„, ,  (iSl]), 
Brooks  and  Binford  (|.3j),  Thompson  (|.'il  ),  Reynolds  ( |29|), 
Hwang  (|I5|)  and  Hanson  and  Riseman  (|.'ftl|)  have  all  stressed 
the  need  for  internet  ion  between  high  mid  low  level  processes. 

lo  date,  however,  lit. He  has  been  done  to  address  this  prob¬ 
lem,  and  thus  there  are  no  commonly  accepted  protocols  for 
the  interaction.  we  are  to  adequately  deal  with  interaction 
between  high  -  .  niw  level  processes,  there  tire  three  sept  rate 

issues  which  must  tie  resolved.  First.,  there  must  be  a  common 
knowledge  representation  which  is  applicable  to  all  levels  of  the 
tlllMpMlMfeH  ivin'H-MtiiirimHrWTTri  It  d-w  ,n  proTcusi  s 

at  different  levels  is  difficult  or  impossible  if  data  objects  and 
hypotheses  are  not  consistent  across  the  (somewhat  artificial) 
boundaries  between  levels.  Second,  there  is  the  necessity  for 
a  single  unified  control  mechanism  which  can  coordinate  and 
schedule  the  activities  of  high  and  low  level  processing  I, asks. 
Finally,  there  is  the  requirement  for  an  rxpliril,  representation 
of  the  knowledge  necessary  for  the  effective  application  of  low- 
Uo.'^l  jittKxesw,  (i.t.  Uw:  twk'Hitttt  the  alguiithms, 

sensitivity  settings,  and  image  features).  For  example,  we  re¬ 
quire  a  mechanism  which  can  encode  the  knowledge  which  indi¬ 
cates  that  certain  image  features  and  algorithms  tire  generally 
useful  when  segmenting  textured  image  areas,  while  others  are 
more  useful  when  segmenting  smooth  image  areas. 

’ "  'Ilk*  CrfiLfl  dv  riulSiiib  I  Its*  i  Iis*h  u  J  x  is  iw-14eb  k  a. 

been  developed  within  the  VISIONS  Image  Understanding  Sys¬ 
tem  f  17  |  to  dea]  with  these  three  issues  and  accomplish  the 
integration  of  the  the  high  and  low  levels  of  the  image  un¬ 
tierstanding  process.  The  system  is  designed  to  provide  the 
,w,'b1Jii  w  %  wfcwk  Wffc  n  qtn  .HJ  frr  mfiy  Jrrt.TTOtC- 

a  set  of  appropriate  low  level  processes  which  may  be  capable 
of  producing  the  desired  dal, a.  The  specification  of  the  data  re¬ 
quest.  is  iii  t  lie  [oral  */  a  gnat  a  ilal a  slturfuw  ulwU  ,'x>fit a*  tJbt 
nature  of  (lie  image  abstract  ions  desired  by  t.he  requesting  pro¬ 
cess.  Attributes  stored  within  the  goal  data  structure,  known 
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as  constraints,  express  additional  information  which  may  he 
useful  in  the  specification  of  the  most  appropriate  low  level 
I  r„ee55t,.  T+rt  guttl  rtcptvSS  the  lurtt-  \ 

istics  of  the  data  to  be  produced,  and  may  be  represented  in 
either  semantic  or  syntactic  terms.  The  semantic  cons' raints 
are  defined  in  terms  of  semantic  labels  (e.g.  " segment  a  specific 
portion  of  the  image  to  separate  tree  and  sky”),  while  the  syn¬ 
tactic  constraints  are  expressed  in  terms  of  measurable  image 
features  (e.g.  “ produce  regions  which  exhibit  homogeneous  tex¬ 
ture  measures”).  Through  the  use  of  the  information  expressed 
in  these  constraints,  the  system  is  able  to  select  the  most  ap¬ 
propriate  image  features,  algorithms,  sensitivity  settings,  rules, 
etc.,  for  the  specification  of  the  low-level  task. 

In  VISIONS,  the  interface  between  the  high  and  low  levels 
of  the  interpretation  process  is  called  the  intermediate  level; 
data  at  this  level  is  represented  by  tokens.  Tokens  may  repre¬ 
sent  any  abstraction  of  the  raw  image  data  which  is  in  spatial 
legislation  with  the  actual  data  and/or  groups  of  these  ab¬ 
stractions  which  have  been  formed  by  the  application  of  group¬ 
ing  operations  ([35,2,28]).  Thus,  intermediate  level  tokens  may 
represent  any  of  the  normal  types  of  segmentation  output,  such 
a  regions,  lines,  or  surfaces.  The  intermediate  level  is  distin¬ 
guished  from  the  low  level  in  that  there  is  no  explicit  repre¬ 
sentation  of  pixels,  and  from  the  high  level  by  the  requirement 
that  tokens  are  in  spatial  registration  with  the  image  data. 

The  GOLDIE  (Goal  Directed  Intermediate-Level  Exertntive) 
system  ([16])  has  been  developed  as  a  mechanism  to  provide 
this  intermediate-level  control  of  low-level  processing.  'Pho 
basic  control  structure  of  GOLDIE  is  the  schema,  a  declara¬ 
tive  specification  of  control  strategies  which  may  be  used  by 
the  system  to  satisfy  a  specific  goal.  Schelnas  provide  a  flex¬ 
ible  and  extensible  control  structure  which  is  used  within  VI¬ 
SIONS  to  direct  both  the  high  and  intermediate  processing  lev¬ 
els  ([36,27,11]),  and  they  provide  a  natural  interface  between 
processes  at  each  of  these  levels.  GOLDIE  extends  this  concept 
of  schema  directed  control  to  the  low-level  processes. 

2.  THE  NEED  FOR  GOAL  DIRECTED  CON¬ 
TROL 

kw  I-h!  I" Ik*  m  ,vy  r 

an  art  than  a  science.  Despite  an  enormous  number  of  excel¬ 
lent  techniques  and  algorithms  (e.g;  see  [31  ,11,1 ,8,I0|),  no  gen¬ 
eral  methods  have  been  found  which  perform  adequately  across 
a  wide  variety  of  images.  Methods  such  as  region-growing 
([12]),  histogram  cluster  labeling  ([22]),  thresholding  ([18]), 
zero-crossings  ([13,20]),  and  edge  and  line  detection  ([5])  have 
all  been  found  to  be  effective  within  restricted  domains,  but 
rarely  demonstrate  the  robustness  necessary  for  generalized  im¬ 
age  interpretation. 

The  failure  of  general  segmentation  techniques  to  provide 
“good”  segmentations  can  be  traced  to  a  variety  of  causes.  In 
many  cases  the  image  data  itself  is  complex  because  of  the 
physical  situation  from  which  the  image  was  derived  and/or 
the  nature  of  the  scene.  Heavy  textures,  unconstrained  light¬ 


ing,  view  angle,  surface  reflectivities,  markings,  and  curvature 
all  conspire  to  produce  ambiguous  image  data  'Phis  results 


and  missing,  fragmented,  or  incorrectly  merged  lines  in  the 
edge/line  segmentations  The  type  of  error  often  depends  upon 


Figure  1:  Intensity  Image  of  Outdoor  Scene 

which  feature(s)  is  being  used  to  produce  the  segmentation  and 
whether  the  algorithm  has  a  global  or  local  view  of  the  image 
data  during  processing.  The  type  of  error  produced  quite  often 
varies  spatially  within  a  single  image,  depending  on  the  type 
of  data  in  each  locality  of  the  image. 

To  take  a  specific  example,  the  intensity  surface  of  an  image 
(Figure  1)  may  contain  a  great  deal  of  high  frequency  informa¬ 
tion  which  typically  will  lead  In  significant  fragmentation  in 
the  segmentation  such  as  shown  in  Figure  2.  Here  we  see 
that  the  region  segmentation,  which  was  produced  through  a 
zero-crossing  algorithm  ( [20| ) ,  has  produced  a  large  number  of 
*:aaU  regi,m“  across  the  textured  projectmi,  (the  tree.  While 
these  regions  do  represent  image  areas  of  local  homogeneity, 
in  most  cases  they  are  of  little  semantic  interest.  If  our  over¬ 
all  interpretation  anal  is  tn  identify  the  toss  nhjerts  jo  rile 

scene,  a  segmentation  such  as  that  shown  in  Figure  3,  which  is 
produced  through  a  one  dimensional  histogram  clustering  al¬ 
gorithm,  would  be  much  more  useful  in  the  identification  of  the 
trees  in  the  image 

In  the  case  nT  I  he  smoothly  varying  or  flat,  surfaces  of  this 
image,  however,  the  opposite  is  I  rue  Here,  the  stow  gradients 
of  the  intensity  surface  result  in  missing  object  boundaries  in  the 

o-M  ...  t-  .  i ,  ...  I . |  -I  |i-Xj.ri-  e  ill  -i‘t|.  ,  .  ,j,|ii  j 

in  the  class  of . segmentation  error  known  as  over  merging.  An 
example  of  this  class  of  error  is  the  lack  of  a  boundary  between 
the  sky  and  house  wall  in  Figure  3. 

Existing  image  interpretation  systems  attempt  to  compen¬ 
sate  for  these  two  types  of  error  within  the  high  level  inter¬ 
pretation  process.  Undermerging  errors  are  typically  corrected 
with  grouping  processes  which  are  used  to  merge  adjacent,  re- 


539 


3 


BS 


& 


$ 

ft 


ft 


% 
t  u 


a 


jCi 


wr 


Figure  2:  Zero-  Crossing  Segmentation 


Figure  3:  Histogram  Clustering  Segmentation 

gions  with  similar  labels  (|37.33j)  Overmergfiif,  errors  arc 
typically  bypassed  implicitly  through  the  use  of  a  segmenta¬ 
tion  which  has  such  a  fine  resolution  that  it  can  be  assumed 
that  any  object  boundary  which  does  exist  in  the  image  lias  a 
corresponding  region  boundary  in  the  image  ([!),!!), 2.r>|). 

However,  since  both  types  of  errors  inay  occur  simultane¬ 
ously  in  different  areas  of  any  given  segmentation,  it.  is  our 
assertion  that  error  correction  properly  belongs  wit  hin  the  do¬ 
main  of  the  Icw  -level  segmentation  pro  esses  themselves.  As 
an  interpretation  process  discovers  problems  with  a  segmen¬ 
tation,  the  segmentation  itself  should  bn  redefined  to  resolve 
those  problems.  This  redefinition  of  the  segmentation  may  re¬ 
quire  the  application  of  a  different  segrmv  ''.'.ion  algorithm,  or 
of  the  same  algorithm  with  different  sen:  it.y  settings,  over 

the  portion  of  the  image  which  presents  the  difficulties  for  the 
interpretation  process. 


Another  factor  leading  to  variability  in  low  level  segmen¬ 
tal  ion  processing  has  to  do  with  the  choice  of  image  frature.es 
iMm*  mJUtrll  Uw  rmijltm  kl  Hi  w  pewui  wi4±  tm  4*  ill  f 

images,  a  large  number  of  computed  image  features  can  be  de- 
fitied.  some  of  which  are  known  to  he  effective  in  segmentation 
processing  ([2d, 25, 32,21]).  However,  in  a  large  number  of  seg¬ 
mentation  algorithms,  only  Intensity  (the  average  of  If,  (!,  and 
B)  is  used.  Fu  other  algorithms,  the  selection  of  of  features  is 
typically  made  in  an  ad  hoc  fashion,  where  the  general  expe¬ 
rience  of  the  person  designing  the  segmentation  algorithm  is 
brought  into  play.  If,  however,  sirrli  knowledge  and  experience 
were  represented  explicitly  in  the  system,  it  would  he  possi¬ 
ble  to  perform  this  selection  automatically  in  response  to  the 
overall  goals  of  the  interpretation  process. 

f  inally,  there  is  the  problem  of  evaluating  different  region/line 
segmentations  Despite  some  efforts  to  quantify  the  evaluation 
of  segmentation  processing  (|23,26|),  it  has  been  our  experi¬ 
ence  that  no  low  level  evaluation  measure  restricted  to  making 
measurements  on  the  segmentation  can  provide  a  useful  com¬ 
parative  metric.  Rather,  the  quality  of  a  segmentation  ran  he 
measured  only  with  respect  t.o  the  goals  of  an  interpretation 
process  which  is  applied  to  the  segmentation  dal.a.  Different 
criteria  must  be  used  to  evaluate  the  quality  oT  segmentation 
results  on  highly  textured  image  areas  than  on  smoothly  vary¬ 
ing  image  areas. 

In  view  of  this  variability  in  the  selection  oT  different  seg¬ 
mentation  methodologies  and  the  difficulties  of  evaluating  the 
results  of  various  techniques,  it  becomes  apparent  that  some 
form  of  intelligent  intermediate-level  control  is  necessary.  We 
believe  that  the  most  effective  form  for  this  control  is  a  mecha¬ 
nism  which  can  select  and  apply  the  most  appropriate  segmen¬ 
tation  process  for  each  distinct  area  of  the  image.  Through  the 
use  of  an  initial  region  segmentation  of  the  image,  these  distinct 
image  areas  may  be  coarsely  distinguished,  and  then  through 
an  iterative  process  of  resegmentation  and  merging  (using  ap¬ 
propriate  algorithms  and  rules),  the  areas  may  be  more  pre¬ 
cisely  identified.  In  other  words,  onr  methodology  is  to  form 
a  hierarchical  set,  of  segmentation  plans  in  which  the  results  of 
early  processing  are  combined  with  the  intermediate  results  of 
the  interpretat  ion  process  and  used  to  guidp  and  constrain  the 
later  processing. 

The  knowledge  required  under  this  control  paradigm  pro¬ 
vides  the  rules  and  information  by  which  the  goal  constraints 
may  he  used  to  determine  the  utility  of  the  various  low  level 
processes  available  to  the  system.  In  the  specification  of  these 
low  levpl  processes,  the  control  process  rs  able  to  choose  among 
a  wide  array  of  possible  intermediate  and  low  level  tools  which 
include: 

•  a  set  of  parameterized  segmentation  algorithms, 

•  a  set  of  low  level  image  analysis  and  enhancement,  rou- 
I  ines, 

•  a  set  -f  measurable  image  features, 


Figtiro  4:  Overview  of  the  GOLDIE  System 


•  processes  Tor  accessing  and  modifying  the  tokens  and  their 
associated  attributes  in  the  intermediate  level  database, 
and 

•  a  formalized  specification  of  segmentation  goals. 

In  the  next  section,  we  demonstrate  the  mechanisms  by 
which  GOLDIE  represents  knowledge  of  these  processes  and 
tools,  and  how  it  uses  the  knowledge  to  control  low  level  pro¬ 
cessing. 

3.  INTERMEDIATE  LEVEL  KNOWLEDGE  AND 
CONTROL 

The  GOLDIE  system,  outlined  in  Figure  4,  may  be  de¬ 
scribed  in  terms  or  five  major  functional  components:  the  low- 
level  process  controller,  the  data  structures  for  intermediate 
level  tokens  and  hypotheses  (ISTM),  the  representation  of  ex¬ 
plicit  intermediate-level  knowledge  (ILTM),  the  representation 
or  the  control  state  or  the  system  (Goal  Blackboard  and  Schema 
Instantiations),  and  the  actual  control  process  which  manages 
the  system  (represented  in  the  figure  by  the  arcs  between  the 
other  modules).  In  this  section,  we  will  present  a  brief  descrip¬ 
tion  of  each  of  these  components,  and  then  demonstrate  the 
mechanisms  by  which  the  components  are  combined  to  pro¬ 
duce  a  working  system. 

All  or  the  actual  image  processing  that,  takes  place  within 
this  system  is  managed  hy  the  low  level  process  controller.  The 
controller  maintains  a  consistent  protocol  Tor  the  activation  of 
low  level  processing  tasks,  permitting  the  schema  representa¬ 
tion  of  low  level  processing  to  be  expressed  in  a  manner  inde¬ 
pendent  or  the  actual  procedural  implementation  of  these  tasks 
Thus  the  addition,  deletion,  or  modification  of  low  level  pro- 
«<9SHig  tfttks  may  fee  Me.mipbshid  With  imnimhi  muefifi.  at, ion 
of  the  schemas  which  control  the  tasks.  Since  many  low  level 
tasks  produce  intermediate-level  data  in  the  form  of  tokens, 


the  controller  is  also  responsible  Tor  the  maintenance  or  a  data 
structure  which  encodes  the  relations  between  tokens  and  the 
processes  by  which  they  were  created.  This  data  structure  pro¬ 
vides  the  data  necessary  for  backtracking  if  the  schemas  decide 
at  any  point  that  specific  segmentation  processing  should  be 
“undone” .  Tims  iT several  different  attempts  were  made  to  seg¬ 
ment  an  area  or  the  image,  but  only  one  or  these  was  found  to 
be  acceptable,  this  mechanism  allows  the  deletion  or  t  he  tokens 
produced  by  the  unacceptable  segmentation  processes 

The  dynamic  data  structures  al  the  GOLDIE  system  are  the 
sets  of  tokens  and  hypotheses  about  tokens  which  are  stored 
in  ISTM  (Intermediate  level  Short  Term  Memory).  The  to¬ 
kens  themselves  are  defined  through  the  ISR  (Intermediate 
Symbolic  Representation),  a  combination  database  and  seman¬ 
tic  network  in  which  tokens  arc  defined  as  graph  nodes  with 
associated  bitmaps  which  represent  the  spatial  extent  or  the 
token  in  the  image.  Attributes  or  the  tokens,  such  as  their 
compactness  measure  or  mean  feature  value,  are  computed  on 
demand  by  the  ISR  and  then  stored  in  I  he  database  for  effi¬ 
cient  retrieval  by  any  other  process  which  may  require  the  data. 
Relations  between  tokens,  siich  as  boundary  contrast  between 
two  adjacent  region  tokens  Tor  a  given  image  feature,  are  rep¬ 
resented  as  arrs  which  have  values  indicating  the  nature  or  the 
relation  Tokens  may  be  directly  accessed  by  name  or  nssocia- 
tively  accessed  through  the  specification  of  constraints  on  their 
attributes. 

ILTM  (Intermediate-level  Long  Term  Memory)  encodes 
the  image-independent  intermediate-level  knowledge  structures 
of  GOLDIE  which  includes  schemas,  object  domain  knowledge, 
and  general  knowledge  of  image  syntax.  These  structures  form 
the  core  c>r  the  system  in  that,  they  contain  the  knowledge  which 
permits  the  intermediate  fovol  schemas  to  utilize  low  level  pro¬ 
cesses  to  achieve  high  leve*  goals  without  explicit,  high  level 
cont  rol. 
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As  was  stated  earlier,  the  schemas  of  the  1 1 /I’M  are  the 
modular  representation  of  the  set  of  strategies  which  may  he 
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goals.  Each  schema  is  designed  to  serve  one  particular  type  of 
goal,  and  thus  there  is  a  one  to  one  correspondence  between 
the  goals  that  can  be  recognized  by  the  GOLDIE  system  and 
the  schemas  of  the  ILTM.  The  strategies  of  the  schemas  specify 
the  various  low  or  intermediate-level  tasks  through  which  the 
goal  may  potentially  be  satisfied  The  execution  of  the  strate¬ 
gies  will  typically  involve  a  sequence  of  operations  which  may 
include  the  posting  of  snbgoals,  the  execution  of  image  pro¬ 
cessing  tasks  through  the  low  -level  process  controller,  and  the 
construction  of  hypotheses  based  on  data  represented  in  the 
ISTM .  Message  passing  constructs  allow  the  executing  strate¬ 
gies  to  communicate  and  synchronize  their  activities. 

Another  knowledge  structure  of  the  ILTM  is  the  object  do¬ 
main  knowledge  which  encodes  information  about  the  appear¬ 
ance  of  objects  in  an  image  which  can  he  useful  in  the  specifi¬ 
cation  of  segmentation  tasks.  This  knowledge  is  represented  as 
a  hierarchical  set  of  graph  nodes  corresponding  to  specilic  se¬ 
mantic  ohjects  or  classes.  Associated  with  each  node  is  the  set 
of  features  which  have  been  experimentally  shown  to  best,  dis¬ 
criminate  that  object  from  all  other  objects  in  a  training  set  of 
images.  Each  of  these  nodes  also  contains  heuristic  information 
in  the  form  of  a  syntactic  (i.e.  feature  based)  characterizat  ion 
of  the  object  (e  g.  textured,  smooth,  gradient.),  the  segmenta¬ 
tion  resolution  at  which  the  object  may  be  best,  extracted  (high, 
medium,  or  low),  and  a  set  of  rules  which  can  lie  used  by  the 
intermediate -level  system  to  provide  crude  hypotheses  about 
the  possible  semantic  identity  of  a  particular  region  token 

ILTM  also  contains  the  system’s  knowledge  of  image  syn¬ 
tax.  This  knowledge  encodes  the  heuristic  information  which 
permits  the  evaluation  of  a  token,  without  any  use  of  semantic 
information,  to  create  a  hypothesis  as  to  whether  further  pro¬ 
cessing  is  required.  This  knowledge  includes  the  set  of  types 
of  regions  (textured,  smooth,  gradient,)  nr  lines  (low-contrast, 
high-contrast,  horizontal,  long,  etc.),  and  the  set  of  rules  to  be 
used  to  syntactically  evaluate  each  of  these  types  of  token.  The 
results  of  the  application  of  these  rules  arc  used  to  create  syn¬ 
tactic  hypotheses  about  the  tokens  which  indicate  the  degree 
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Figure  5:  Goal  Node  Representation 

to  which  the  image  feature  data  supports  the  existence  of  the 
token  (e.g.  a  set  of  rules  which  are  to  he  used  to  determine 
whether  a  region  token  which  is  categorized  as  textured  should 
be  resegrnented). 


Syntactic  knowledge  also  has  In  do  with  the  utility  of  spe¬ 
cific  image  features  and  algorithms  in  the  creation  of  tokens 
witfc  sp  rdfic  file i  f...  *n.  I  i6.  stmC- 

lures  in  the  ILTM  encode  experimentally  derived  information 
that,  indicates  that  certain  features  and  algorithms  are  gener¬ 
ally  useful  when  segmenting  a  textured  region,  while  others  are 
useful  when  segmenting  smooth  or  gradient  regions. 

'I'he  actual  control  of  processing  in  GOLDIE  is  managed 
through  another  semantic  network  which  represents  the  con¬ 
trol  slate  of  the  system.  Goals  and  schema  instantiations  are 
represented  ns  nodes  of  this  network,  and  ares  represent  the 
relations  between  these  entities  ( [36,7,6]) .  The  goal  blackboard 
is  a  section  of  the  network  in  which  goal  nodes,  representing 
requests  for  intermediate-level  processing,  are  created  by  the 
schema  instance  that  requires  the  results  of  that  processing. 
Any  constraints  on  I, he  request  are  expressed  as  attributes  of 
the  goal  node.  By  using  an  attribute- value  list,  to  express  these 
constraints  (Figure  5),  the  schema  instantiation  which  is  post¬ 
ing  the  goal  can  express  any  information  which  may  possibly 
be  of  use  to  the  responding  schema  instance.  'I’he  schema  in¬ 
stance  which  responds  to  a  goal  will  extract,  the  value  of  any 
named  attribute  which  it,  can  utilize  in  processing. 

'I’lie  control  process  of  the  GOLDIE  system  continually  mon¬ 
itors  this  goal  blackboard  for  the  existence  of  new  goal  nodes 
As  a  new  goal  is  observed,  the  control  process  creates  a  new  in¬ 
stance  of  the  corresponding  schema.  The  node  for  this  schema 
instance  is  linked  to  the  goal  node  by  an  are  which  represents 
a  contract  by  the  instance  to  attempt  to  satisfy  the  goal.  'I’he 
communication  between  invoking  and  invoked  schema  instances 
is  achieved  through  a  mailbox  on  the  goal  node,  When  the  in¬ 
voked  schema  instance  lias  obtained  results  which  may  satisfy 
the  goal,  these  results  are  placed  in  the  mailbox  of  the  goal. 
The  invoking  schema  process  is  then  able  to  examine  the  re¬ 
sults  and  either  accept  them  as  satisfying  the  goal,  or  request 
that  additional  strategies  he  used  in  an  attempt  to  produce 
more  acceptable  data. 

As  a  way  of  minimizing  the  number  of  unacceptable  re¬ 
sults,  many  schemas  are  capable  of  using  a  specific  type  of 
constraint  known  as  the  evaluation  constraint.  This  constraint 
TTi  -TTj.r  SS.tr  a  f'.lnA!  ti  vala,  pair  tv4rr '! l  is  nsr  1  l.o  .  am 
ale  results  prior  to  their  being  returned  to  the  invoking  schema 
instance.  If  the  value  returned  from  the  application  of  the  func¬ 
tion  to  a  potential  set  of  results  does  not  exceed  the  threshold 
value  expressed  in  the  constraint,  the  invoked  schema  instance 
will  automatically  continue  processing  until  a  set,  of  results  is 

■  tin  >lil  1 1 1 1  L  I  (ill  I  ill'i-l,  th  i.-i  t  ill  1X1.  j  in  'it  i  1 1 1.  j  I  ii  i.Il  ai  i  i.l 1 1 1  I  •  it, 

possible  to  tune  Die  schema  processing  to  highly  specific  goals. 

For  example,  an  evaluation  constraint  could  he  created  siirli 
that  the  region  segmentation  schema  would  return  only  seg¬ 
mentations  which  contained  regions  of  a  certain  shape  or  color, 
or  both 

A  typical  scenario  illustrating  the  interaction  between  GOLDIE 
and  the  high  level  interpretation  system  could  involve  a  sit, no¬ 
tion  where  a  high  level  interpretation  process  had  formed  two 
conflicting  hypotheses  regarding  the  semantic  In  hoi  to  he  as¬ 
signed  to  a  particular  region  token.  Under  the  assumption 
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that  the  region  token  actually  represented  an  area  that  con¬ 
tained  two  different  objects,  the  interpretation  schema  instance 
WvWkt  tt  gvrtff  b)  ferregrrii  j(  glia  111  TfrTfrr.  Tht  «JH' 

strainl.s  on  the  goal  would  indicate  the  region  token  of  interest, 
and  would  additionally  indicate  that  the  reason  for  the  goal 
posting  was  that  there  was  an  object  hypothesis  conflict  for 
the  two  specified  object  labels. 

In  response  to  this  goal  posting,  the  system  would  activate 
an  instance  of  the  region  segmentation  schema.  This  schema 
instance  would  select  image  features  and  algorithms  appropri¬ 
ate  for  the  discrimination  of  the  two  objects  and  then  initiate  a 
segmentation  process  which  would  hopefully  split  the  original 
region  into  two  new  regions,  each  representing  one  of  the  two 
objects.  Tokens  corresponding  to  these  two  regions  would  then 
be  returned  to  the  interpretation  schema  instance  for  evalua¬ 
tion.  If  the  interpretation  schema  instance  were  satisfied  with 
ihe  results,  the  goal  and  region  segmentation  schema  instance 
would  be  deleted.  Otherwise,  the  schema  instance  would  con¬ 
tinue  processing  until  an  acceptable  segmentation  were  found 
or  until  the  strategies  of  the  region  segmentation  schema  in¬ 
stance  were  exhausted. 


4.  INTERMEDIATE- LEVEL  SCHEMAS 

Til*  jrl  af  i  JL.  loan  I  jhi-  'UU  ueUii'h  luutii  l**u  im¬ 

plemented  in  the  GOLDIE  system  are  shown  in  Table  I  and 
Figure  6.  Although  the  figure  implies  a  hierarchy  of  schemas 
in  the  system,  this  hierarchy  is  designed  only  to  demonstrate 
the  relationship  between  the  initialization  schema  and  the  other 
schemas  of  the  system.  We  will  use  this  hierarchy  as  the  basis 
for  our  discussion,  although  it  is  important  to  recognize  that 
the  actual  interaction  between  the  schemas  is  more  complex 
than  indicated  by  Figure  6. 

4.1  The  Initialization  schema 

At  the  highest  level  of  the  hierarchy  is  the  initialization 
schema.  This  schema  is  typically  intended  to  be  invoked  at 
system  startup  to  provide  the  initial  set  of  image  tokens  for  the 
interpretation  process.  Since  the  interpretation  schemas  of  the 
high  level  system  are  designed  to  operate  across  sets  of  tokens 
representing  image  abstractions,  no  interpretation  processing 
may  take  place  until  we  have  an  initial  segmentation  produced 
by  the  initialization  schema. 


Figure  6:  Schemas  of  the  GOLDIE  System 


Schemas  of  the  GOLDIE  System 

Schema  Name 

Action 

initialization 

Obtain  the  “best”  segment  »tion  of  the  specified  region  token 
(possibly  the  whole  image)  with  respect  to  (poseibly  initial) 
specified  constraints 

region  segmentation 

Segment  a  region  token 

region-algorithm 

Select  an  algorithm  for  region  segmentation 

region- feature 

Select  an  image  feature  for  region  segmentation 

region  merge 

Merge  adjacent  region  tokens  which  meet  criteria  selected  as 
a  result  of  the  constraints 

syntactic  region  evaluation 

Evaluate  region  tokens  for  resegmentation  or  merging  with 
respect  to  specified  constraints 

semantic  region  evaluation 

Provide  crude  hypotheses  for  the  semantic  identity  of  the 
specified  region  tokens 

line,  segmentation 

Segment  region  tokens  using  evidence  from  a  (set  of)  line 
token (s) 

line  extraction 

Extract  line  tokens  from  image  data 

line-algorithm 

Select  an  algorithm  for  line  extraction 

line-feature 

Select  an  image  feature  for  line  extraction 

cotlinear  line  merge 

Merge  adjacent  line  tokens  which  meet  the  criteria  selected 
as  a  result  of  the  constraints 

Table  1:  Intermediate  level  Schemas  Descriptions 


The  intent  of  this  schema  is  to  produce  the  “best  possible” 
segmentation  of  a  region  token  without  any  assistance  from  in¬ 
terpretation  processes.  If  used  to  provide  the  initial  segmenta¬ 
tion  data,  the  only  constraints  on  the  satisfaction  of  the  initial¬ 
ization  goal  are  the  a  priori  constraints  of  the  overall  system. 
For  example,  if  we  were  implementing  a  system  whose  primary 
goal  was  to  identify  different  types  of  trees  in  outdoor  scenes, 
the  a  priori  constraints  on  the  goal  for  initialization  would  be 
“ emphasize  regions  with  texture  characteristics ”  and  “empha¬ 
size  tree  objects" .  In  this  way,  the  initial  segmentation  which 
i..  ( rttv  led  to  t!.v  i;.l*rpretatijp  ysUmi  has  already  been  at 
least  partially  tuned  to  the  overall  goals  of  the  interpretation 
process. 

T}*  inii.iMMJttha.  seSrema  ut  hullriLlly  use 

of  all  of  the  other  intermediate-level  schemas  of  the  system  in 
this  attempt  to  provide  the  “best”  data  directed  segmentation, 
and  is  the  most  complex  schema  present  in  the  GOLDIE  sys¬ 
tem.  Although  the  schema  contains  only  a  single  strategy,  the 
execution  of  this  strategy  involves  region  segmentation,  region 
merging,  line  segmentation,  region  evaluation,  and  recursive 
invocation  to  achieve  the  desired  result. 

The  initialization  schema  requires  a  region  token  as  input, 
to  define  the  area  over  which  the  segmentation  is  to  take  place. 
In  the  rase  whm  tar  *rluwA  it  Wri§  used  L  itHUjdm  the 
system,  the  bitmap  for  this  region  token  is  defined  as  the  en¬ 
tire  image  The  first,  step  of  the  strategy  is  the  posting  of  a 


goal  foi  region  segmentation  on  this  region  token.  Unless  over¬ 
ridden  by  its  own  goal  constraints,  the  initialization  schema 
instance  will  specify  an  evaluation  constraint  on  the  region 
segmentation  goal  which  makes  use  of  the  syntactic  evalua¬ 
tion  hypotheses  created  by  an  instance  of  the  syntactic  region 
evaluation  schema.  The  function  associated  with  this  evalu¬ 
ation  constraint  requires  that  the  majority  of  the  region  to¬ 
kens  produced  are  hypothesized  to  be  “good”.  In  this  context, 
“goodness”  would  indicate  I  hat  no  further  segmentation  was 
necessary,  and  thus  the  function  computes  a  value  based  in 
part  o’.,  the  wsegnmfaMevi  UypoiUc«e«  awnrciabed  wiU.  each  <f 
the  region  tokens  in  the  segmentation.  Obviously,  if  this  were 
the  only  fo  'or,  the  best  segmentation  would  be  one  in  which 
t  ad  prxJ  ■w-stl  r,.pi ’i  as  an  rrt+Wv t4ti af  t-ghrn  Token,  and 
thus  other  factors  such  as  the  number  of  region  tokens  are  also 
used  in  this  function.  The  specification  of  this  constraint  is 
an  attempt  to  balance  the  cost  of  further  segmentation  against 
the  cost  of  region  merging  to  produce  the  highest  quality  seg¬ 
mentation  at  the  lowest  computational  cost.  Figure  7  shows 
the  segmentation  selected  by  the  region  segmentation  schema 
according  to  this  evaluation  constraint  for  the  image  from  Fig¬ 
ure  1. 

Once  such  a  segmentation  has  been  obtained,  it  is  typically 
the  ease  that  deep, A, v  gmwl  o'.vtaW  tywito  .*; ,  Uvc 
data  may  still  contain  many  obvious  (to  an  observer)  errors 
which  can  be  corrected  at  the  intermediate  level.  One  such 
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Figure  9:  Insertion  of  Long  High  Contrast  Lines 

category  of  error  is  the  possible  absence  of  significant  long  lines 
which  are  obvious  in  the  raw  data.  Thus  the  next  step  in  the 
initialization  strategy  is  to  post  a  line  segmentation  goal  for 
the  insertion  of  all  long,  high  contrast  lines.  In  this  process, 
which  is  somewhat  similar  to  the  process  employed  by  Nazif 
([23]),  a  set  of  line  tokens  are  extracted  from  the  raw  data  by 
an  instance  of  the  line  extraction  schema  and  the  long,  high 
contrast  lines  (Figure  8)  are  used  to  split  any  existing  region 
tokens  that  they  intersect  (Figure  9). 

The  execution  of  this  stage  of  the  strategy  attempts  to  as¬ 
sure  that  all  significant  discontinuities  in  the  raw  image  data 
are  represented  by  the  boundaries  of  region  tokens  in  the  seg¬ 
mentation,  but  fails  to  assure  that  all  diffuse  object  boundaries 
(i.e.  those  represented  by  slow  spatial  changes  in  feature  values) 


Figure  10:  Regions  with  Strong  Resegmon- 
tation  Hypotheses 

will  be  represented.  Therefore,  long  line  insertion  is  followed  by 
the  posting  of  a  goal  for  the  syntactic  evaluation  of  the  region 
tokens.  Through  the  execution  of  the  syntactic  region  evalu¬ 
ation  schema,  it  is  expected  that  when  a  given  region  token 
spans  such  a  difTnse  boundary,  the  evaluation  rules  used  hy  the 
schema  will  produce  a  strong  resegmentation  hypothesis.  Fig¬ 
ure  10  indicates,  with  cross  hatching,  those  regions  for  which 
the  resegmentation  hypotheses  are  strong  enough  to  indicate 
a  need  for  resegnientatiou.  The  stronger  the  hypothesis,  the 
more  dense  the  cross  hatching. 

Using  the  goal  mechanism  of  the  system  to  recursively  in¬ 
voke  the  initialization  schema  over  the  set  of  region  tokens  for 
which  such  a  hypothesis  exists,  the  segmentation  may  be  re¬ 
fined  in  the  image  areas  which  contain  these  diffuse  boundaries. 
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Figure  8:  Long  Higli  Contrast.  Linos 
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Figure  7:  Top  Level 
Segmentation  from 
Initialization  Schema 


^ince  the  image  data  is  progressively  more  localized  as  the  sys¬ 
tem  proceeds  with  this  recursive  invocation,  more  use  may  be 
made  of  local  context  to  focus  on  the  correct  algorithms  and 
features  for  segmentation.  For  example,  by  using  semantic  hy¬ 
potheses  produced  by  an  instance  of  the  semantic  evaluation 
schema,  the  instances  of  the  initialization  schema  are  able  con¬ 
strain  the  instances  of  the  region  segmentation  schema  which 
they  invoke.  Thus,  if  an  initialization  schema  were  invoked 
over  a  region  token  which  spanned  the  boundary  between  bush 
aud  tree  (as  indicated  in  Figure  II),  the  constraining  knowledge 
that  both  semantic  objects  might  be  present  in  the  region  could 
help  the  associated  region  segmentation  schema  instance  to 
select  features  and  algorithms  winch  could  best  discriminate 
these  two  objects.  Figure  12  demonstrates  the  nature  of  this 
process. 

In  this  case,  the  overmerged  region  on  the  left  of  Figure  10 
is  ri- segmented  using  the  hypotheses  for  the  existence  of  both 


Figure  11:  Tree/Bush  Region 


Figure  13:  Final  Result  from  Reseginent.a- 
t.ion  of  Tree/Bnsli  Region 


bush  and  tree  in  the  region.  Rased  on  this  knowledge,  the  image 
feature  which  is  selected  for  the  segmentation  task  is  a  rotation 
of  RGB  space  which  maximally  distinguishes  the  mean  RGB 
of  bush  objects  from  that  of  tree  objects  (according  to  data 
which  has  been  extracted  from  a  training  set.  and  stored  in 
IIjTM).  With  respect  to  the  original  image  in  Figure  I  it  ran 
be  seen  that  the  segmentation  in  Figure  12  has  distinguished 
tree  from  bush  and  has  captured  a!!  of  the  highlight/shadow 
boundaries  in  the  tree.  However,  the  segmentation  is  far  from 
ideal  in  that  the  two  different  types  of  hush  in  the  bottom  left 
have  not  been  distinguished,  and  also  in  the  fart  that  many 
of  the  tree  highlight/shadow  boundaries  are  quite  local  and 
semantically  unimportant.  But  since  the  area  defined  by  the 
original  tree/bush  region  (Figure  II)  is  being  processed  by  a 
complete  recursive  instance  of  the  initialization  schema,  the 
remaining  tasks  of  the  initialization  strategy,  including  long, 
high  contrast  line  insertion,  potential  recursive  invocation  of 


Figure  14:  Initialization  Schema  Segmen¬ 
tation  Prior  to  Final  Merge 
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the  initialization  schema,  and  region  merging  (see  below)  are 
used  to  complete  the  processing  on  this  area.  The  final  result 
which  is  returned  by  this  instance  of  the  initialization  schema 
(Figure  13)  identifies  all  major  semantic  boundaries  in  the  area 
without  a  great  deal  of  fragmentation.  Note  that  several  of 
the  small  regions  near  the  top  of  the  image  which  appear  to 
be  artifacts  of  fragmentation  were  not  defined  as  being  part  of 
the  resegmentation  region,  and  thus  may  not  he  merged  by  this 
particular  instance  of  the  initialization  schema. 

At  the  point  that  all  recursive  invocations  of  the  initial¬ 
ization  schema  have  completed,  and  all  region  tokens  in  the 
1SR  have  acceptably  low  resegmentation  hypotheses,  experi¬ 
ence  has  shown  that  the  updated  segmentation  typically  will 
still  display  some  degree  of  overfragmentation  (Figure  14).  The 
region  merge  schema  is  therefore  invoked  by  the  initialization 
schema  to  merge  all  adjacent  regions  which  exhibit  reasonable 
similarity  under  the  constraints  specified. 

Since  the  constraints  specified  in  the  original  instance  of  the 
initialization  schema  are  passed  down  into  any  goals  posted  by 
that  schema  instance,  this  entire  process  occurs  within  the  orig¬ 
inal  context.  Thus,  even  though  a  complex  chain  of  recursive 
invocations  of  the  initialization  schema  has  occurred,  the  top 
level  constraints  are  observed  at  all  levels  of  processing. 

The  final  segmentation  results  produced  by  the  initializa¬ 
tion  schema  (with  no  a  priori  constraints)  on  the  image  from 
Figure  1  ar>=  shown  in  Figures  15  and  1C.  This  si  grm  ntMi,.n 
appears  to  be  qualitatively  more  useful  than  either  of  the  two 
eurCki  tagrrw  i»iio<  «  wMe)*  mw  pwkucjjd  1 9  ^gnuMiralinji  al¬ 
gorithms  that  were  applied  globally  and  uniformly  across  the 
image.  The  types  of  errors  which  do  remain  (c.g.  overfrag- 
n'lorrtstkm  mar  the  gutter  of  the  house,  and  tivettuergii.g  in 
the  windows)  are  generally  the  result  of  ambiguous  image  data 
•oh!  w_ldrl  Mgb  le*d  it  tv  ^  ■otull  ■  ,  o  csMifitg  I  le- 

solve  the  ambiguity  or  direct  the  additional  reorganization  of 
the  interne  date -level  tokens. 


Figure  15:  Segmentation  from  Initialization  Schema 


Figure  16:  Image  with  Overlaid  Segmenta¬ 
tion  from  Initialization  Schema 


4.2  Tlie  region  schemas 

The  intent  of  the  region  segmentation  schema  is  In  pro¬ 
duce  a  high  quality  segmentation  over  tile  portion  ot  the  image 
specified  by  a  region  token.  If  explicit,  constraints  are  known. 
Smuk  rt*  ‘T  •ft  tejijo.o  .if  lAr  tmsriyf  ‘frAw'il  frw  •Ms" 

potential  for  being  interpreted  no  tree ”,  tile  scliema  is  able  to 
use  strategies  which  constrain  the  segmentation  processes  such 
that  the  tokens  produced  should  meet  the  exporiirtrons  of  the 
invoking  higher  level  schema.  In  the  case  of  this  part  icular  goal 
cnwH  t'hi'sl ,  llffe  oeIwuh  m  wdd  tmiw  Wse  wf  f.ystl  f" 1  iv  I  ir'swIMge 
about  trees,  such  as  the  fact  that  they  are  presenl  in  lextnred 
areas  of  the  image  or  that  they  exhibit  certain  mloi  charartcris- 
t  fcs,  to  filled  the  low  level  segment  atbw  lash  which  wm«14  Us 
discriminate  tree  from  all  other  objects  presenl  111  I  lie  image. 

'File  region  segmentation  schema  is  designed  o  work  accord 
ing  to  a  hypothesize  and  test  paradigm.  The  schema  liypoth 
esizes  appropriate  processing  parameters  such  as  image  fea¬ 
tures,  segmentation  algorithms,  and  sensitivity  sellings,  and 
then  uses  these  parameters  to  control  the  application  of  spe¬ 
cific  low  level  image  processing  t  asks  through  I  lie  low  level 
process  controller.  The  test  portion  of  the  hypothesize  and 
test,  paradigm  is  then  implemented  by  the  use  of  the  evalua¬ 
tion  constraint,  associated  with  the  goal  If  I  lie  test  fails,  the 
schema  instance  continues  to  hypothesize  new  features,  algo¬ 
rithms,  and  setting,  until  the  test  succeeds.  If  no  segmentation 
is  found  which  meets  the  evaluation  constraint,  the  segment  a 
tim,  wFrtitr  ,  uTil  :  closest  t< )  TTl ,  i  T,  i  n  g  T,  11 1  i  , ,CistU. i  i II I  f S'  1 ,  UTn-d. 
Figures  17  and  18  show  two  segmentations  for  the  tree  grass 
region  (Figure  II)  which  were  rejected  according  to  this  mech¬ 
anism  prior  l.o  the  acceptance  of  the  segment  at  ion  which  was 
shown  in  Figure  12.  With  respect,  to  the  evaluation  constraint 
described  above,  the  segmentation  in  Figure  17  received  a  low 
score  due  to  a  need  for  significant  resegmeiitation,  and  I  lie  low 
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Figure  17:  Region  Segmentation  Which 
Was  Rejected  Dy  Region  Seg¬ 
mentation  Schema 


evaluation  score  for  the  segmentation  ii.  Figure  18  was  due  to 
overfragrnentation.  Note,  however,  that  given  a  different  evalu¬ 
ation  constraint,  either  of  these  segmentations  could  have  heen 
chosen  over  that  of  Figure  12. 

Instances  of  the  region  segmentation  schema  make  use  of 
region  feature  and  region  algorithm  schemas  to  establish  hy¬ 
potheses  fo-  the  parameters  involved  in  the  specification  of  low 
level  segmentation  tasks.  Within  the  region  -feature  schema, 
initial  hypotheses  for  the  selection  of  an  appropriate  image  fea¬ 
ture  are  made  on  the  basis  of  the  specified  constraints.  Thus, 
if  the  constraints  for  an  instance  of  this  schema  specified  an 
interest  in  tree  and  sky,  the  schema  would  use  the  knowl¬ 
edge  in  the  ILTM  to  hypothesize  a  set  of  features  which  would 
best  discriminate  regions  representing  these  two  objects.  The 
region  feature  schema  instance  would  then  refine  these  initial 
hypotheses  by  evaluating  the  actual  frequency  distribution  of 
each  of  these  features  over  the  area  of  interest.  Based  on  this 
evaluation,  the  hypotheses  would  be  ranked  and  returned  to 
the  invoking  schema  instance  in  order  of  hypothesized  util¬ 
ity.  If  none  of  this  initial  set  of  hypothesized  image  features 
wrr  able  I  u  tk  ii.V.vitMtg  sthcTT,.-,  additional 

tivo  strategies  would  then  be  employed  by  the  region  feature 
schema  instance  to  propose  additional  srprirutalkn  features 

If,  however,  no  constraints  were  specified  on  the  goal,  the 
schema  instance  initially  hypothesizes  a  set  of  default  features 
wTiii.Ti  are  Tmovvu  to  lypicaTfy  piodnce.  good  resides  across  i.ne 
particular  image  domain.  It  would  be  this  set  of  features  which 
was  evnluM.  d  and  returned  it,  old...  of  hypothcsiz.-d  utility. 
Th  is  we  see  that,  as  is  the  case  with  most  of  the  schemas  in 
this  system  I  he  rlirvn  Cfwlv  It*  jutafll  «MW|. pMld'fcilt  WW  lb* 
goal  Tor  the  region  segmentation  schema  instance,  the  more 
specific  the  hypotheses. 

The  GOLD1B  system  currently  utilizes  a  set  of  -13  image 
features  such  as  red,  green,  bine,  intensity,  local  deviation  of 
intensity,  line,  etc.,  all  of  which  are  computed  from  the  origi- 


Figure  18:  Region  Segmentation  Which 
Was  Rejected  By  Region  Seg¬ 
mentation  Schema 


nal  RGB.  Given  the  mechanisms  by  which  these  features  are 
managed,  we  believe  that,  it  would  be  a  straightforward  exten¬ 
sion  to  include  other  types  of  spatially  distributed  data  surli  as 
infrared  or  range  data. 

The  region  algorithm  schema  functions  in  much  the  same 
way  as  the  region-feature  schema,  hut  in  this  case  the  schema 
instance  does  not  actually  initiate  any  low-level  processes.  This 
schema  contains  a  set,  of  strategies  for  proposing  segmentation 
algorithms  and  sensitivity  settings  which  are  based  on  the  na¬ 
ture  of  the  particular  image  feature  and  the  other  constraints. 
As  currently  implemented,  this  schema  is  able  to  select  between 
algorithms  for  global  one-dimensional  histogram  clustering,  lo¬ 
calized  one-dimensional  histogram  clustering,  zero-crossings, 
thresholding,  and  global  two-dimensional  histogram  clustering, 
each  of  which  can  be  used  witli  a  variety  of  sensitivity  settings. 
Given  a  particular  image  feature,  or  set  of  image  features,  an 
instance  of  this  schema  is  able  to  hypothesize  the  algorithm 
and  vinilivily  wUir.g  which  k  isrutl  likely  to  punhite  region 
tokens  with  the  desired  characteristics. 

The  schema  first  proposes  the  most  specific  algorithm  that 
it  mu  hypothesize  under  tire  cu.isl,  aim,. ,  and  if  this  is  riot  ac¬ 
cepted,  it  can  then  propose  progressively  more  general  algo¬ 
rithms  Fnr  example,  ffu  .  inst  tree  •>.  fthi?. ?;<  Im+u.  ww<*  iw, 
with  the  constraints  that  the  region  feature  was  Deviation  (a 
textural  feature  which  tends  to  smooth  over  object,  boundaries) 
and  i,tu.  object  label  of  interest  was  t,ree,  tile  schema  instance 
would  first  propose  the  thresholding  algorithm  with  low  sensi¬ 
tivity.  Thin  algorithm  wowid  he  t!*p.  tvd  distinguish  high 
texture  areas  (tree)  from  low  texture  regions  without,  int  roduc¬ 
ing  .'in'wirr  fmy  n  in  *ilkw  atea  VtWlttWtf&f,  tW 

thresholding  algorithm  would  he  expected  to  place  the  bound¬ 
ary  between  region  tokens  at  the  midpoint  of  the  image  feature 
gradient  of  the  boundary,  hopefully  restoring  the  blurred  ob¬ 
ject  boundary,  If  this  algorithm  was  found  to  be  unacceptable, 
the  schema  instance  would  then  propose  a  low  sensitivity  zero 
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crossing  algorithm.  If  this  were  also  rejected,  a  final  hypothesis 
of  low-sensitivity  one-dimensional  histogram  clustering  would 
be  proposed. 

Once  the  region  segmentation  schema  has  produced  an  ac¬ 
ceptable  set  of  region  tokens,  other  region  schemas  may  he  used 
to  evaluate  or  modify  these  tokens.  The  syntactic  region 
evaluation  schema  is  concerned  with  the  creation  of  ISTM 
tiyputfuSSiS  ah  uni  region  tokens  which  holiuilr  a  MW  m  thr 
“goodness”  of  a  particular  region  structure  (i.e,  the  degree  to 
which  the  existence  of  the  region  token  is  supported  by  the  un¬ 
derlying  image  feature  data).  Based  on  assumptions  expressed 
in  goal  constraints,  such  as  “we  are  interested  in  regions  which 
exhibit  slow  intensity  gradients ”,  the  schema  selects  various 
subsets  of  the  evaluation  functions  which  are  stored  in  1 1  /I’M  in 
order  to  determine  whether  or  not  the  region  token  should  be 
merged  or  fe3egmented.  1  he  results  of  these  evaluation  func¬ 
tions  are  combined,  and  stored  in  ISTM  as  hypotheses  about 
ftlf  feghufi  tofairc.  T1.  hyydtl, caw **?««.  I»  wtubswI 

by  other  schemas  of  the  system  which  will  take  the  appropriate 
actions. 

The  schema  for  the  semantic  region  evaluation  utilizes 
sets  of  rules  which  evaluate  the  characteristics  of  regions,  such 
as  short  line  density,  color,  etc.  i.o  assign  a  plausible  semantic 
label  to  a  region  (e  g.  sky  or  tree).  These  rules,  which  are 
stored  in  the  ILTM,  are  not  as  precise  or  complete  as  those 
used  by  a  complete  interpretation  system  ([2,30]),  but  provide 
valuable  information  for  the  intermediate-level  schemas  in  the 
case  that  no  overriding  hypotheses  have  been  specified  as  goal 
constraints. 

The  region  merge  schema  is  used  by  the  system  to  re¬ 
duce  potential  overfragmentation.  By  using  goal  constraints 
tc  sefart  a  subset  ol  the  ewluftti*  fit  **r.  t*  m.md  in  ll  Tfcl 
instances  of  this  schema  are  able  to  evaluate  the  desirability  of 
a  merge  of  a  set  of  adjacent  regions,  and,  if  necessary,  direct 
the  actual  merge  process,  ’the  schema  may  either  be  applied 
in  a  general  fashion  over  the  entire  image  evaluating  all  region 
tokens  in  the  ISR  for  merge  potential,  or  it  may  be  invoked 
to  directly  merge  a  set  of  adjacent,  region  tokens  which  some 
high-level  process  has  deemed  to  be  similar.  Again  using  our 
example  of  a  system  with  the  a  priori  constraint  to  discriminate 
tree  and  sky,  an  instance  of  this  schema  would  select  two  sets 
ti^pig  fr.  ,,rert  areas  nf  the  i  run  -e,,  rer  ions  won  Id 
be  merged  if  they  were  adjacent,  at  least  one  of  the  tokens  lied 
a  strong  hypothesis  for  merge  potential,  and  they  both  exh  t>- 
ited  similar  textural  and  hue  characteristics.  In  non  textured 
areas  of  the  image,  the  merge  criteria  would  still  make  use  of 
adjacency  and  merge-hypothesis,  but  the  regions  would  also 
have  to  demonstrate  similar  low  values  of  intensity  deviation 
as  well  as  demonstrating  co-planar  intensity  surface  fits. 

4.3  The  line  schemas 

The  line  segmentation  schema  is  designed  to  either  di¬ 
rectly  insert  lines  ini.o  a  region  representation  and  dareny  . 
define  the  region  mapping,  or  to  control  a  region  segmentation 
process  which  is  designed  to  produce  region  boundaries  which 
show  a  high  degree  of  overlap  with  a  set  of  specified  lines.  'I  he 


former  option  is  utilized  in  the  rase  that  there  is  strong  belief 
in  the  existence  of  the  lines,  and  when  the  specifications  of  the 
lines  are  known  with  a  high  degree  of  accuracy.  Thus,  given  a 
set  of  lines  which  had  been  produced  through  the  line  extrac¬ 
tion  schema,  and  were  therefore  known  to  be  present,  in  the  raw 
image  data,  the  lines  could  be  directly  inserted  intot.be  region 
representation.  A  different  rationale  for  this  process  would  be 
■  •  I  jr>  ■  iot.ii i  .-  1  -...I.;-  .  i1  ■  w  s  i  nw  < 

with  respect  to  a  road,  but  the  boundaries  of  the  road  were  not 
immediately  apparent  in  the  robot’s  image  data  In  this  rase, 
the  road  boundaries  could  be  determined  from  an  internal  map 
and  then  be  placed  directly  into  the  segmentation  data  to  aid 
in  the  interpretation  of  the  remainder  of  the  image. 

This  type  of  behavior  by  the  schema  was  demonstrated  in 
Figure  9,  where  the  insertion  of  long  lines  restored  several  iin- 
jJUl  trial  boundaries  which  had  hvi.n  n .issi’tl  in  the  figtfla!  n 
gion  segmentation  from  Figure  7.  Since  the  lines  are  used  to 
jAU  nU  -  gi.  ,  u»H*  whMi  llwy  luiur  nlg'nlll'-ppp.  intersection 
several  artificial  boundaries  have  also  were  introduced  by  this 
process  However,  as  was  shown  in  the  final  result  (Figure  IS), 
the  region  merging  process  was  able  to  remove  most  boundaries 
which  did  not  have  a  basis  in  the  underlying  data. 

If  a  high-level  interpretation  schema  concerned  with  shape 
were  to  make  a  hypothesis  that  a  line  might  possibly  exist  in 
an  area  of  the  image,  this  type  of  direct,  insertion  would  not, 
be  desirable  (i.e.  the  hypothesis  might  be  incorrect).  In  this 
case,  the  characteristics  of  image  feature  distributions  across 
the  hypothesized  line  would  be  examined  in  an  attempt  to  find 
a  feature  winch  could  be  used  by  a  legion  a,  glut  utati.ui  pTi.eenn 
to  produce  a  region  mapping  in  which  the  line  was  matched  by 
region  boundaries. 

t  tie  line  tokens  wli  ell  Hit  iitili/.id  by  t.Ties  '<  ti ,  III.  tin  i 
ther  created  as  hypothesized  lines  by  an  interpretation  schema 
or  are  e  traded  from  the  data  by  an  instance  of  the  lino  ex¬ 
traction  schema,  using  one  of  several  different  st  raight  line  ex¬ 
traction  algorithms  ([4,35]).  The  schemas  for  line  algorithm 
and  line  feature  produce  the  necessary  hypotheses  for  an  in¬ 
stance  of  the  line  extraction  schema,  and  these  two  schemas 
function  in  a  fashion  similar  to  their  analogues  for  region  seg¬ 
mentation.  Figure  19  shows  the  set  or  lines  produced  by  t  he 
line  extraction  schema,  from  which  t  he  set  or  long  high  contrast, 
lines  in  figure  6  were  seTcdetT. 

'File  low  level  extraction  processes  controlled  by  instances 
of  Ibis  schema  may  be  constrained  through  goal  const  raints  to 
restrict  the  output  according  to  location,  line  orientation,  line 
length,  or  contrast  across  the  line.  Thus  a  high  level  interpre¬ 
tation  process  dealing  with  object,  shape  which  needed  to  find  a 
particular  line  to  complete  a  rectangle  could  post  a  goal  to  find 
a  straight  line  in  the  image  data  which  is  similar  to  t  he  desired 
lino.  On  lire  ocher  hand,  a  schema  process  whhh  W.1S  interested 
in  the  short  line  density  over  an  area  of  the  image  would  invoke 
t  his  schema  with  the  constraint,  to  find  all  possible  lines.  The 
c  l  if  llTii.  would  thru  hr  rti  W-fl1  h,  will  wmhIi  a |« 

contrast,  to  compute  the  density  measure 

The  collinoar  line  merge  schema  is  utilized  in  the  case 
that  a  desired  line  has  not  been  found  intact  by  t  he  line  extrac- 


Figure  19:  Linos  Extracted  by  Lino  Extrac¬ 
tion  Schema 

l-ioii  processes.  The  low  level  process  controlled  by  tins  schema 
examines  the  set  of  existing  line  tokens  which  have  been  pro¬ 
duced  hy  the  line  extraction  process  to  determine  if  suitable 
line  tokens  may  bo  merged  to  produce  the  desired  line  ([3.r>|). 
Figure  ‘20  shows  the  long  lines  created  by  the  application  of  the 
rollinear  line  merge  schema  to  the  lines  of  Figure  8. 

5.  CONCLUSION 

The  set,  of  sriiemas  we  have  described  is  currently  imple¬ 
mented  within  I  he  GOLDIE  system  at  the  University  of  Mas¬ 
sachusetts,  and  research  is  proceeding  on  the  interface  between 
this  system  and  the  high  level  interpretation  schemas  being 
developed  by  other  researchers  in  the  VISIONS  group.  As 
currently  implemented,  the  GOLDIE  system  provides  an  in¬ 
complete,  yet  powerful  mechanism  for  the  control  of  low  level 
image  processing.  Future  development  of  the  system  to  add 
schemas  for  additional  low-level  processing  tasks,  and  to  im¬ 
prove  the  computational  efficiency,  will  produce  a  system  which 
dramatically  affects  the  overall  image  interpretation  process. 

There  are  four  major  aspects  of  GOLDIE  whirl]  contribute 
to  the  utility  of  the  system.  Foremost  is  the  fact  that  the  sys¬ 
tem  is  goal  driven.  This  paradigm  provides  a  coherent  mech¬ 
anism  for  top-down  control  in  which  low  level  processing  may 
he  tuned  to  meet  the  expectations  of  higher  level  processes 
whirl]  are  expressed  through  goal  constraints.  Second,  the  sys¬ 
tem  makes  use  of  a  unified  data  represent, al.ion  which  allows 
processes  at  any  level  of  the  interpretation  hierarchy  to  create, 
access,  or  modify  the  data  which  represents  the  current  state  of 
interpretation  processing.  The  third  aspect  is  that  the  system 
contains  an  explicit  representation  of  knowledge  about  low 
level  processes  and  the  image  domain  which  provides  a  flex¬ 
ibility  permitting  extension  to  additional  processes  or  image 
dn'-mins.  f  inally,  the  GOLDIE  system  is  capable  of  operating 
within  a  hypothesize  and  test,  protocol,  exploring  a  .ariet.y  of 
potential  solutions  to  high  level  requests  rather  than  operating 
in  a  strictly  deterministic  manner. 
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ABSTRACT 

We  investigate  several  basic  problems  in  vision  under 
the  assumption  that  the  observer  is  active.  An  observer 
is  called  active  when  engaged  in  some  kind  of  activity 
whose  purpose  is  to  control  the  geometric  parameters  of 
the  sensory  apparatus.  The  purpose  of  the  activity  is  to 
manipulate  the  constraints  underlying  the  observed 
phenomena  in  order  to  improve  the  quality  of  the  percep¬ 
tual  results.  For  example  a  monocular  observer  that 
moves  with  a  known  or  unknown  motion  or  a  binocular 
observer  that  can  rotate  his  eyes  and  track  environmental 
objects  are  just  two  examples  of  an  observer  that  we  call 
active.  Wt  pruvq  that  an  active  ubserver  can  solve  basic 
vision  problems  in  a  much  more  efficient  way  than  a  pas- 
alv*  Pr Till  nr  liml  nn  ilJ-pc1’  i.jJi  .  v 

unstable  for  a  passive  observer  become  well-posed,  linear 
or  stable  for  an  active  observer.  In  particular,  the  prob¬ 
lems  of  shape  from  shading  and  depth  computation, 
shape  from  contour,  shape  from  texture  and  structure 
ffwii,  nnJAn  arc  to  b«  Hiucli  .askt  (of  tu.  active 

observer  than  for  a  passive  one.  It  has  to  be  emphasized 
that  correspondence  is  not  used  in  our  approach,  i.e., 
active  vision  is  not  correspondence  of  features  from  multi¬ 
ple  viewpoints.  Finally,  active  vision  here  does  not  mean 
active  sensing. 

1.  INTRODUCTION  AND  MOTIVATION 

Most  past  and  present  research  in  machine  percep¬ 
tion  has  involved  analysis  of  passively  sampled  data 
/images].  Human  perception,  however,  is  not  passive,  it 
is  active.  Perceptual  activity  is  exploratory  and  search¬ 
ing.  When  humans  see  and  understand,  they  actively 
look.  In  the  process  of  looking,  their  eyes  adjust  to  the 
level  of  illumination,  focus  on  certain  things,  converge  or 
1 1 rjr -■  ri  Itair  brads,  uash  k.  a  hwller  x^'er,- 

the  scene. 

It  is  very  natural  to  ask  why  human  observers 
operate  in  such  a  way,  because  certainly  humans  are  very 
efficient  in  visual  tasks.  In  other  words,  how  does  the 
iact  that  an  observer  is  active  affect  the  levels  of  a  visual 
system  (as  described  by  Marr,  1982),  namely  computa¬ 
tional  theory,  representations  and  processing  algorithms 
and  implementation.  Does  an  active  observer  have  any 


advantage  over  a  passive  observer,  in  any  computational 
theoretic,  algorithmic  or  implementational  way?  In  this 
research,  we  examine  this  question  and  we  find  that 
indeed  an  active  observer  has  a  great  deal  of  advantage 
as  far  as  the  first  two  levels  of  the  visual  system  are  con¬ 
cerned  (computational  theory,  algorithms).  A  natural 
way  to  examine  this  question  is  to  study  basic  problems 
of  vision  whose  solutions  demonstrate  visual  abilities, 
avoiding  in  this  way  the  potential  philosophical  snare  of 
getting  into  a  discussion  of  the  vision  problem  in  general. 

Another  motivation  for  examining  active  vision  is 
the  faet  that  passive  vision -has  been  shown  to  be  very 
problematic.  Almost  every  basic  problem  in  passive 
machine  perctpliuii  is  Very  difficult,  because  it.  is  ill-posed 
in  the  sense  of  Iladamard  (1923).  So,  because  there  does 

oil  Fit  U  UI.JqlHt  vJ  title  Urf?  pCoWu.L  bte  V  be  fegU 
lari  zed,  by  imposing  additional  constraints,  which  should 
be  physically  plausible.  An  example  of  such  an  additional 
constraint  is  some  kind  ol  smoothness  ol  the  unknown 
functions.  There  has  been  excellent  research  in  regulariz- 
I  *1rK,  pf  Jjlt.ns,  in  {lsofeb'.c  A  a\., 

1986;  Poggio  and  Koch,  1985).  Even  though  the  regulari¬ 
zation  paradigm  is  very  attractive  for  its  mathematics' 
elegance  and  for  being  a  legitimization  of  already  pub¬ 
lished  research  (Horn  and  Sehunek,  1981;  Ikeuchi  and 
Horn,  1981;  Hildreth,  1984),  it  has  some  shortcomings,  in 
the  sense  that  it  cannot  deal  with  the  full  complexity  of 
vision.  One  problem  is  the  degree  of  smoothness  required 
for  the  unknown  function  that  has  to  be  recovered;  for 
example,  some  unrealistic  results  have  been  reported  in 
surface  interpolation,  beeause  depth  discontinuities  are 
Gtnuuthed  too  much.  Research  on  regularization  in  the 
presence  of  discontinuities,  while  pioneering,  is  still 
premature  (Terzopoulos,  1984;  Lee  and  Pavlidis,  1986). 
Another  problem  is  that  standard  regularization  theory 
deals  with  linear  problems  and  is  based  on  quadratic  sta¬ 
bilisers.  in  Die  case  oi  nonquadratic  lunctionals  standard 
regularization  theory  nay  be  used,  but  the  situation  is 
problematic  (Morozov,  1984).  For  non-quadratic  func¬ 
tionals,  the  search  space  may  have  many  local  minima 
and  in  this  case  only  stoeliastic  algorithms  might  have 
some  success  (Kirkpatrick  et  ah,  1984).  Aside  from  the 
fact  that  most  passive  vision  problems  are  ill-posed,  some 
well  posed  problems  are  very  unstable.  That  is  to  say, 
even  if  from  the  physical  constraints  the  problem  is 
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shown  to  have  a  unique  solution,  finding  this  solution  is 
very  diffieult  and  unstable,  in  the  sense  that  a  small  error 
in  the  input  of  the  pereeptual  proeess  ean  ereate  catas¬ 
trophic  results  in  the  output.  An  example  of  such  a  prob¬ 
lem  is  the  passive  navigation  problem  (Ullman,  1977;  Tsai 
and  Iluang,  1984;  Bruss  and  Horn,  1984;  Waxman  and 
Ullman,  1985;  Longuet-Higgins,  1981;  Longuet-Higgins 
and  Prazdny,  1982),  where  retinal  motion  (retinal  veloci¬ 
ties  or  displacements)  are  used  as  the  input.  In  eontrast, 
it  will  be  shown  that  some  problen--  that  are  ill-posed  for 
a  passive  observer  beeome  well-posed  for  an  aetive  one, 
and  problems  that  are  unstable  become  stable. 

We  now  set  out  to  examine  the  advantages  of  an 
aetive  observer  with  respect  to  the  computational  theory 
and  algorithms  levels  of  visual  systems.  In  particular  we 
bliuW  that: 

(1)  The  problem  of  shape  from  shading  in  the  case  of  a 
passive  observer  has  infinitely  many  solutions  and  addi- 

tiv^Tial  1 1, pt io iiS  r^v|*!i'irvd  to  ohi,,li^ii,.ss. 

Furthermore,  the  stability  of  the  developed  algorithms  is 
in  question.  In  eontrast,  in  the  case  of  an  aetive  observer, 
the  shape  from  shading  problem  is  shown  to  have  a 
unique  solution.  In  particular  the  eommonly  used 
assum;  tions  of  smoothness  of  the  visible  surfaee  and  con¬ 
stant  albedo  become  unnecessary.  This  makes  it  possible 
to  deal  with  complex  shapes  having  discontinuities  of  sur- 

f.'i* v.  orKiitittioii  tnid  r  j  1. riatiCL .  Til  isotrupte  nalmuc . 

constraint  ean  be  relaxed  to  deal  with  partly  speeular  sur- 
faees.  Our  method  is  not  suseeptible  or  prone  to  instabil¬ 
ities.  Depth  computation  is  addressed  also. 

(2)  The  problem  of  shape  from  contour  is  a  diffieult  one 
for  a  passive  observer  since  assumptions  have  to  be 
employed  to  obtain  a  unique  solution.  We  show  that  in 
the  ease  of  an  aetive  observer  the  problem  has  a  unions 
solution,  whieh,  moreover,  ean  be  found  using  bn  mr 
equations.  The  stability  of  the  proposed  computation  is 
also  examined. 

(3)  The  problem  of  shape  from  texture  requires  assump¬ 
tions  about  the  texture  to  make  it  solvable  by  a  passive 
observer.  We  prove  that  an  aetive  observer  ean  reeover 
shape  from  texture  without  any  assumptions  and  using 
linear  equations. 

(4)  Finally,  the  problem  of  structure  from  motion  has 
been  shown  to  be  very  unstable.  We  show  that  an  active 
observer  can  reeover  structure  from  motion  by  using 
linear  equations. 

The  following  table  compares  the  performance  of  a 
passive  and  an  aetive  observer  in  the  solution  of  several 
basic  problems. 

In  the  following  sections  we  study  the  basic  problems 
described  above.  The  case  of  the  computation  of  optic 
flow  will  be  described  in  subsequent  publications.  In  all 
cases,  we  try  to  avoid  solving  the  correspondence  prob¬ 
lem.  Also,  at  this  point  it  should  be  clear  that  active 
vision  is  not  active  sensing;  iu  is  just  vision  in  which  phy¬ 
sical  constraints  arc  simplified  because  the  observer  can 
change  state  in  an  active  way. 


2.  SHAPE  FROM  SHADING 
2.1.  Introduction 

In  the  problem  of  recovering  shape  from  shading,  the 
input  consists  of  the  brightness  at  eaeh  point  of  an  image, 
or  images,  and  the  desired  output  is  the  depth  and/or  the 
surface  normal  of  the  corresponding  point  on  the  visible 
surfaee.  In  principle,  the  depth  map  (the  depth  2  as  a 
function  of  the  x  ,y  coordinates)  contains  all  the  informa¬ 
tion  about  the  surfaee  and  the  surfaee  normals  ean  be 
computed  direetly  from  the  knowledge  of  the  depth  map. 
In  praetiee,  however,  those  depths  cannot  be  derived  with 
sufficient  accuracy  for  calculating  the  normals  and  one 
would  like  to  infer  the  normals  direetly  from  the  image. 
In  the  following  we  briefly  discuss  the  current  approaches 
to  culving  the  problem  and  limit  severe  limitations,  and 
then  show  how  the  active  vision  paradigm  overcomes 
these  limitations. 

-t  is  Cr  srplcst  apjjTviftch  tv>  the  sha^e  from  shading 
problem  involves  using  one  image  of  the  surfaee.  To  find 
a  solution,  the  following  assumptions  are  eommonly  used, 
none  of  whieh  is  particularly  valid  in  a  realistie  situation: 
1)  The  surfaee  is  smooth 

*2)  The  surface  reflectance  characteristics,  usually 
Lambertian,  are  the  same  throughout  the  surface. 

3)  I  hr  llylilit  f .  imirv'ly  pedal  tvgld  saunter,  ic  th_ 
same  throughout  the  surfaee. 

4)  The  image  is  nearly  noise-free. 

Based  on  these  assumptions,  one  ean  write  a  func¬ 
tional  of  the  surfaee  and  its  normals,  whieh  should  be 
minimal  for  the  eorreet  surfaee.  The  functional  is  in  gen¬ 
eral  a  non-linear  function  of  a  large  number  of  unknowns 
(depth  and  normals  at  each  point),  so  it  is  very  hard  to 
aehieve  eonvergenee  of  the  numerical  optimization  to  the 
global  minimum.  Very  good  research  along  this  line  is 
described  in  Horn  (1977)  and  Ikeuehi  and  Horn  (1981). 
But  in  this  ease,  noise  compounds  the  problem,  ereating 
instabilities.  So  these  techniques  have  had  only  very  lim¬ 
ited  sueeess. 

An  improvement  can  be  achieved  by  using  two 
images  of  the  surfaee.  Combining  information  from  the 
two  images  makes  it  easier  to  solve  the  minimization 
problem.  In  this  ease  one  does  not  need  to  consider  the 
whole  image  at  once  during  the  minimization,  as  in  the 
previous  case,  beeause  the  image  can  be  decoupled  into 
narrow  strips  along  epipolar  lines.  Only  points  along  a 
pair  of  such  lines  need  be  considered  at  the  same  time. 
However,  to  be  able  to  take  advantage  of  tin  |,\vt  views, 
one  must  first  find  the  correct  correspondence  between 
the  two  images.  One  can  distinguish  between  two 
methods  in  using  more  than  one  image: 

a)  1  he  two  cameras  are  very  close  to  each  other.  In  this 
case  it  is  easy  to  establish  a  correspondence  between 
points  in  the  two  images.  Moreover,  the  equation  one 

needs  to  solve  arc  linear,  because  the  small  distance 

allows  use  of  first  o;v|er  l’.-ifl  i-  »- j  ..  ■  r  <  be  *  'iTp 

ous  functions  involved.  However,  the  small  baseline 
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Problem 

Passive  Observer 

Active  Observer 

Shape  from  shading 

Ill-posed  problem.  Needs 
to  be  regularized.  Even 
then,  unique  solution  is  not 
guaranteed  because  of  non¬ 
linearity. 

Well-posed  problem. 

Unique  solution.  Linear 
equation  used.  Stability. 

Shape  from  contour 

Ill-posed  problem.  Has  not 
been  regularized  up  to  now 
in  the  Tichonov  sense. 
Solvable  under  restrictive 
assumptions. 

Well-posed  problem. 

Unique  solution  for  both 
monocular  or  binocular  ob¬ 
server. 

Shape  from  texture 

Ill-posed  problem.  Needs 
some  assumption  about  the 
texture. 

Well  posed  problem.  No 
assumption  required. 

Structure  from  motion 

Well  posed  but  unstable. 
Nonlinear  constraints. 

Well  posed  and  stable. 
Quadratic  constraints,  sim¬ 
ple  solution  methods,  sta¬ 
bility. 

Optic  flow  (area 
based) 

Ill-posed.  Needs  to  be  reg¬ 
ularized.  The  introduced 
smoothness  might  produce 
erroneous  results. 

Well  posed  problem. 

Unique  solution.  Might  be 
unstable. 

between  the  cameras  severely  limits  the  accuracy  of 
the  method. 

b)  The  cameras  are  far  apart.  This  leads  to  more  accu¬ 
rate  results,  provided  one  can  solve  the  correspon¬ 
dence  problem.  This  problem  has  proven  to  be  very 
difficult,  and  the  techniques  that  deal  with  it  are  far 
from  satisfactory  (for  details  see,  e.g.  Horn  (1986). 

The  AV  (Active  Vision)  paradigm  has  the  advan¬ 
tages  of  both  methods,  without  their  shortcomings.  First, 
having  multiple  viewpoints  can  solve  the  correspondence 
problem.  In  fact,  it  can  be  shown  that  three  cameras  are 
enough  to  resolve  most  of  the  correspondence  ambiguities 
in  the  Lambertian  case.  The  stability  and  reliability  also 
increase.  But  multiple  viewpoints  are  not  enough  by 
themselves  to  make  a  method  work.  This  is  because  we 
again  run  up  against  the  problem  of  non-linear  optimiza¬ 
tion,  which,  with  so  many  variables,  rarely  converges  to 
the  global  minimum  without  a  very  good  initial  guess. 
The  key  to  the  success  of  AV  is  the  fusion  of  the  long- 
and  short-baseline  methods.  We  have  available  images 
taken  at  short  intervals,  as  well  as  images  separated  by 
long  intervals,  and  we  can  use  information  from  both. 

The  AV  method  can  thus  proceed  in  two  stages: 

1)  A  short  baseline  stage,  in  which  a  succession  of 
frames  taken  at  short  distances  apart  is  examined. 
This  stage,  being  linear,  is  easily  solvable,  thereby 
providing  initial  estimates  for  the  depths  and  surface 
normals. 

2)  A  long  baseline  stage.  Now  that  an  estimate  exists, 
it  can  be  used  in  several  ways,  as  we  shall  see.  In  the 
Lambertian  case  we  use  it  to  establish  correspon¬ 


dence  between  points  seen  from  far-away  viewpoints, 
while  in  the  non-Lambertian  case  it  is  the  initial 
guess  in  a  non-linear  optimization  procedure. 

We  shall  show  that  with  this  method  we  can  recover 
the  geometry  of  the  visible  object  at  each  individual 
point  independently.  We  do  not  need  the  assumption 
mentioned  before,  of  global  optimization  (maximum 
smoothness)  of  the  whole  object.  Moreover,  it  turns  out 
that  in  spite  of  the  greater  amount  of  data,  our  task  is 
much  easier  than  in  the  previous  methods,  since  the 

recovery  process  can  be  done  for  each  point  separately, 
rather  then  having  to  deal  with  the  image  as  a  whole.  All 
this  is  done  in  a  stable  and  noise-resistant  way. 

2.2.  Geometrical  Preliminaries 

We  work  in  perspective  projection.  For  simplicity  we 
assume  that  the  camera  moves  with  its  optical  axis 
remaining  parallel  to  the  2  axis,  and  the  lens  is  in  the 
x,y  plane.  (Rotations  will  not  get  in  the  way  of  the  basic 
principles.)  The  coordinates  of  the  camera’s  lens  center, 
xc  ,VC ,  are  moving  with  a  known  motion,  causing  changes 
in  the  brightness  of  the  image  points.  The  coordinates  of 
the  image  points  are  measured  in  the  fixed  coordinate 
system,  regardless  of  the  camera’s  position,  and  are 
denoted  by  i,,y.  (with  — -1,  i.e.  a  focal  length  of  1). 
lhe  coordinates  of  a  point  on  the  real  object  are  denoted 

by  °ne  has  the  relation  between  the  object, 

camera  and  image  coordinates: 


(2.1) 


v,  -  y, 


Vo  Vc 
"~0 

A  fixed  camera  forms  a  brightness  function  E{xi,yi) 
in  the  image  plane.  This  function  changes  when  the  cam¬ 
era  moves  (i.e.  when  xc,yc  change),  and  the  brightness 
now  depends  on  four  variables:  E(x{  ,yi ;  xc,yc).  There  are 
f  tw'o  possible  ways  to  represent  the  change.  (1)  Measure 
the  change  at  every  point  a :i,yi  of  the  image,  i.e.  find  the 
partial  derivatives  of  E  with  respect  to  a and  also 
with  respect  to  xc,yc.  This  leads  to  optical  flow-like 
methods.  In  the  fluid  mechanical  analogy,  this  is  a 
representation  of  the  (low  in  the  Euler  coordinate  system. 
(2)  Follow  a  point  with  a  given  brightness  along  succes¬ 
sive  frames.  This  is  analogous  to  following  a  particular 
wf  ifw  HuFJ  ftk.ig  its  pfilb  J  ft  uWoti 
ing  this  element’s  coordinates  and  their  derivatives.  This 
is  known  as  the  Lagrangian  system.  The  two  methods  are 
of  course  mathematically  equivalent,  and  the  choice 
between  them  depends  on  convenience  in  a  particular 
situation.  For  a  Lambertian  surface,  the  Lagrangian  sys¬ 
tem  has  an  obvious  advantage,  because  an  object  point 
projects  into  image  points  of  equal  brightness  in  all 
images.  Thus,  following  a  point  of  a  given  brightness 
along  successive  frames  means  following  the  same  object 
point.  It  is  also  preferable  in  the  non-Lambertian  case,  in 
a  modified  form,  as  we  shall  see. 

When  we  have  two  viewpoints,  with  either  a  short  or 
long  baseline,  two  matching  systems  of  epipolar  lines  are 
created,  one  for  each  image.  Unlike  the  single  image 
method,  in  which  the  image  has  to  be  treated  as  a  whole, 
trtv  tWo  0 att i Cfa  method  inn-kcs  it  jjussible  to  decouple  die 
problem  into  reconstruction  of  shape  along  epipolar  lines. 
Li  uu.ro  rU‘UU  cu»U<kr  a  plan*;  containing  the  two  lew.; 
center  points  of  the  cameras.  It  intersects  the  two  image 
planes  in  straight  lines,  namely  two  matching  epipolar 
lines.  A  point  on  the  epipolar  line  in  one  image 
corresponds  to  a  point  somewhere  on  the  matching  epipo- 
lar  line  on  the  other  image  (belonging  to  the  same  plane); 
thus  we  only  have  to  find  the  correspondence  of  points 
along  epipolar  lines,  which  can  offer  a  significant 
simplification. 

In  the  following,  wc  treat  the  Lambertian  and  non- 
Lambertian  cases  differently.  The  isotropy  of  the  Lamber¬ 
tian  reflectance  function  presents  us  with  both  a 
simplification  and  a  difficulty.  The  simplification  was 
mentioned  above,  namely  the  constant  brightness  in  all 
images  of  a  particular  object  point.  The  difficulty  is  that 
the  parameters  that  influence  the  brightness,  such  as  the 
surface  orientation  and  the  light  direction,  cannot  he 
recovered  by  changing  the  point  of  view,  as  the 
reflectance  function  is  independent  of  the  point  of  view, 
to  P-iww  the  iwfc.il are  ferml  te  Ttsi  spatljJ 
derivatives  of  the  brightness.  Happily,  this  makes  the 
problem  linear  even  for  the  long  baseline  step  (at  least  in 
our  particular  geometry). 

We  will  now  make  the  above  arguments  more  for¬ 
mal.  The  image  brightness  is  governed  by  the  ‘image 
irradiance  equation"  which  is  easily  generalized  I  >  our 


case: 

E{x,.yt;xe  ,yc  )=  R(i>  (2.2) 

The  left  hand  side  is  measured  from  the  image  at  each 
camera  location  xc,yc.  The  right  hand  side  contains  our 
assumptions  about  the  light  reflectance  properties  of  the 
surface.  This  reflectance  depends,  in  general,  on  the  sur¬ 
face  orientation  h ,  on  the  viewing  direction  v ,  and  on  a 
vector  containing  a  finite  number  of  parameters,  s*,  which 
represents  the  light  distribution  and  the  surface  intrinsic 
properties.  The  variables  in  R  were  separated  in  this  way 
because  n  is  the  unknown  that  we  are  mainly  interested 
in,  and  v  is  a  parameter  under  our  control,  as  the  camera 
moves  and  changes  the  viewing  direction,  (v  is  the  direc¬ 
tion  of  the  known  vector  (xi,yi)-(xc,yc).)  In  view  of  the 
JIjuvu,  r^e^TvnT.g  steipv  fr. mi  shading  auiuunlA  tr,  solving 
tiiis  image  irradiance  equation  (for  ii). 

If  the  correspondence  problem  were  solved,  we  rn 'lid 
use  the  above  equation  for  the  same  object  point  in 
different  views,  i.e.  different  vs.  YVe  thus  obtain  a  set,  of 
equations  for  the  unknowns  in  R ,  in  particular  ii . 
Whether  this  set  equations  is  degenerate  depends  on  the 
particular  R.  For  a  typical  R,  ii  and  ii  are  coupled  in  a 
term  of  the  form  n  ■  v ,  so  the  equations  are  not  degen¬ 
erate,  at  least  with  respect  to  finding  ii .  For  a  Lamber¬ 
tian  surface,  however,  the  reflectance  is  independent  of  f>, 
and  h  cannot  be  found  in  this  way. 

2.3.  Lambertian  Surfaces 

The  Lambertian  case  is  special  in  that  the  shape 
reconstruction  process  can  be  decoupled  noi  only  along 
cpipulili  imes  bul  also  aluug  isupiiuies,  r 1 1 ; u  is,  wile'll  a 
contour  of  equal  brightness  moves  in  the  image  (with  the 
movement  of  the  wm.wa),  the  nev»  Contour  e./rrjepemds 
to  the  same  set  of  object  points  as  the  old  contour.  'Phis 
is  because  a  Lambertian  surface  element  is  seen  with  the 
same  brightness  from  every  point  of  view.  Thus,  it  is  con¬ 
venient  to  parametrize  the  image  with  a  set  of  coordi¬ 
nates  consisting  of  the  epipolar  lines  and  the  isophotes. 
One  can  assign  some  labeling  to  the  isophotes,  which  we 
denote  by  a,  and  a  labeling  to  the  epipolar  lines,  denoted 
by  8.  The  particular  labeling  mapping  is  immaterial,  as 
long  as  it  is  well  behaved  and  increases  monotonically 
(with  respect  to  some  spatial  ordering  of  these  coordinate 
lines).  Such  a  well  behaved  mapping  is  always  possible  at 
least  at  some  neighborhood,  which  is  what  we  need  for 
taking  derivatives.  The  coordinate  lines  (epipolar  lines 
and  isophotes)  move  and  change  their  shape  as  the  cam¬ 
era  moves,  but  they  keep  their  labels  n.8.  This  is  in 
accordance  with  the  Lagrangian  coordinate  representa¬ 
tion.  The  key  advantage  of  the  scheme  is  that  an  image 
point  labeled  a. 8  always  corresponds  to  the  same  object, 

point  'Plio  correspondence  problem  is  then  essentinllv 

solved.  Wc  can  now  attach  the  labels  (a, 8)  to  the  object 
point  (x„.y0,z0)  also.  (Two  views  are  needed  to  create 

epipolar  lines.  Wo  can  take  one  view  as  fixed,  say  at  the 
beginning  of  the  movement,  while  the  other  moves.  We 
will  not  need  the  image  from  the  fixed  view,  it  only 
serves  to  create  consistent  systems  of  epipolar  lines.) 
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By  measuring  the  position  in  the  image  of  the  point 
labeled  a,P  as  the  camera  moves,  i.e.  the  functions 
x,  {a,P,xc  ,yc ),  yi{'je,f},xc,ye)  and  their  derivatives,  one  ean 
infer  the  depth  and  normal  at  the  corresponding  object 
point.  As  we  shall  see,  the  derivatives  with  respect  to 
{xc,yc)  are  not  needed  except  in  find  an  initial  guess,  but 
the  derivatives  with  respect  to  a,P  are  the  ones  that 
enable  us  to  recover  the  normal.  Differentiating  relation 
(2.1)  we  obtain 
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where  the  left-hand  side  quantities  are  measured  from  the 
image,  and  the  right-hand  side  contains  the  unknowns. 

Iht  JUirttisi^nal  v.CTutS  t0  =  \u,0  ,y0 ), 

—  (xiPJ,)>  and  ~£c  =  (xc,yc),  we  substitute  eqs.  (2.1)  in 
eqs.  (2.3,4)  to  eliminate  the  1  /z„  factor  and  obtain 

d%_  i  d?0  Wj-?'  dz0 

da  z0  da  z0  da  ^“'5' 

w.  ;  Using  this  h  ih-  key 

idea  in  recovering  the  surface  orientation  in  the  Lamber¬ 
tian  case.  Its  intuitive  interpretation  is  that  as  the  cam¬ 
era  moves,  the  infinitesimal  distances  da, dp  between  two 
object  points  do  not  change,  but  the  corresponding  35?), 
i.e.  the  (geometrical)  distances  between  the  corresponding 
isophotes  (or  epipolars)  in  the  image,  do  change.  This 
change  depends  on  the  geometry  of  the  objeet,  as  is  seen 
in  the  above  equation,  and  thus  this  geometry  can  be 
recovered. 

For  a  short  baseline,  we  calculate  the  change  of  the 
above  derivatives  caused  by  the  camera's  movement  by 
differentiating  with  respect  to  ?tc : 

,  1  *0 

dadl  A*  V  ■>  r)rv  (2-6) 


where  St]  is  the  Kronecker  delta,  and  the  indiees  i,j  can 
take  either  of  the  two  values  x  or  y.  We  can  multiply 
cqns.  (2.1), (2. 5), (2. 6)  by  z0  to  obtain  the  linear  system  of 
equation: 


c  T  xc  —  0 

(2.7) 

.  dz 

(2.8) 

d%  d^ 

(2.9) 

The  solution  can  now  proeeed  in  two  steps: 

1)  Solve  the  linear  system  of  six  equations  (2. 7, 8, 9)  for 
the  six  unknowns  ,  z0,  dWjda,  dz0/da.  This  is  an 
inhomogeneous  system  of  rank  six  (in  general)  and 
thus  has  a  unique  solution.  The  coefficients  of  the 
unknowns  do  not  have  to  come  from  measurements 
at  one  point.  (By  measurements  we  mean  the  func¬ 
tions  T,- (u,/l)  and  their  derivatives.)  Rather,  measure¬ 
ments  can  be  taken  from  several  points  along  the 
path  of  the  point  zj-(a,/?)  and  averaged.  As  the  equa¬ 
tions  are  linear,  the  averaged  measurements  can  be 
substituted  in  it  so  that  the  system  need  be  inverted 
only  once.  Thus  we  have  obtained  a  good  estimate  of 
the  unknowns. 

2)  The  accuracy  of  the  previous  step  may  not  be  good, 

as  we  used  a  rwv  hrf  *btivM(.i‘re  (tlq  (9  H)},  This 
amounts  to  using  a  short  baseline  stereo  technique. 
For  better  accuracy  we  can  use  the  first  four  equa¬ 
tions,  (2.7)  and  (2.8),  at  two  far  away  points  (or 
earn  era  locations)  and  s'/.  This  will  result  in  eight 

equations,  two  of  which  are  superfluous-.  This  step 
needs  the  establishment  of  a  correspondence  between 
’lie  iwj  I'isws.  Shite  -frv  already  know  tin.  lucal'ioTi  of 
the  object  points  roughly  from  the  first  step,  applied 
to  both  images  with  H!c  and  S’j ,  any  correspondence 
ambiguities  are  resolved.  Without  the  first  step, 
correspondence  ambiguities  could  arise  from  having 
several  points  with  the  same  brightness  along  one 
,*•4  to  ik.  first  slop,  w.  tonH 

simply  trace  the  point  (ct,/?)  from  frame  to  frame, 
but  then  we  may  need  continuous,  uninterrupted 
traeing.)  Now  the  longer  baseline  will  significantly 
improve  the  accuracy  and  stability.  Equation  (2.9), 
involving  the  derivatives  with  respect  to  fc,  is  no 
longer  part  of  the  system.  Since  we  still  have  a  linear 
system  of  equations,  we  can  again  make  use  of  aver¬ 
aged  measurements  with  different  base  points,  and 
invert  a  system  of  equations  with  the  coefficients  cal¬ 
culated  from  the  averaged  measurements. 

The  above  steps  will  yield  the  location  of  the  object 
point  x0  ,y0  ,z0  and  one  tangent  on  the  surface,  namely 
dxo  dy0  dz0  ^  y 

- . - .  A  similar  iirocpriure  usijv'  Uu*  Hwji  u- 

oa  da  da  °  1  1  " 

ter  will  give  another  tangent.  Once  the  tangents  of  the 

surface  at  z!0,z0  are  known,  the  normal  can  immediately 

be  calculated  by  their  vector  product 

A  —  dy°  dZ°  w  dx0  d'Jo  dz0 

da  ’  da  ’  da  X  3/9  '  dp  '  dp 

where  A  is  the  scalar  product  of  the  above  tangent  vec¬ 
tors. 

A  few  points  are  worth  noting: 

I)  At  no  point  did  we  need  to  know  either  the  albedo 
(the  surface  reflectance)  or  the  light  characteristics. 
Tin#  can  Sk  Lh  ifiwy  !Kn  pj#  I  tv  fwft* 
face  without  affecting  the  calculation.  Thus,  when  a 
change  in  th  brightness  is  detected,  we  are  able  to 
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tell  whether  it  results  from  a  change  in  the  geometry 
of  the  surface  or  from  the  reflectance  or  lighting  (and 
can  calculate  the  local  geometry).  This  is  unlike 
other  theories. 

2)  The  surface  is  not  necessarily  smooth,  as  is  assumed 
in  most  shape  reconstruction  theories.  If  one  of  the 
derivatives  used  is  too  large,  we  simply  label  this 
point  as  a  discontinuity  and  apply  our  method  to 
other  points  in  the  neighborhood. 

3)  The  tangents  have  not  been  derived  from  the  depth 
map,  which  would  have  been  quite  inaccurate.  They 

were  independent  variables  in  a  system  of  equations 
that  determined  both  the  depth  and  the  tangents.  In 
would  be  of  interest  to  carry  out  an  error  analysis  of 
the  results. 

4)  The  equations  for  both  the  short  and  long  baseline 
turned  out  to  be  linear,  which  frees  us  from  the 
recurring  hard  problems  of  non-linear  optimization. 

5)  Using  the  brightness  function  at  several  viewpoints 
was  not  enough  to  recover  the  surface  normal,  and 
we  needed  its  derivatives  9a ?,/9a,9a?, /9/L  The 
infinitesimals  da, dp  do  not  change  from  one  image 
to  another,  but  9a?,-  changes  in  a  way  dependent  on 
the  normal,  which  can  thus  be  recovered.  We  will 
not  need  the  derivatives  in  the  non-Lambertian  case 
(except  at  the  first  stage). 

fii  Thp  formalism  is  a  plirahle  to  antf  contours.  not 
necessarily  isophotes.  Many  contours  that  are 
marked  on  the  object  can  be  detected  on  an  image 
by  means  other  than  changes  in  shading.  For 
instance,  contours  can  be  formed  by  changes  in  tex¬ 
ture  or  color.  If  the  change  is  continuous,  such  as  a 
gradual  color  change,  we  can  draw  contours  on 
which  some  property  such  as  color  remains  constant. 
We  can  then  label  the  contours  in  the  same  way  we 
labeled  the  isophotes  and  apply  the  above  formalism 
without  change.  We  can  thus  find  the  position  and 
orientation  of  the  visible  surface  elements.  If  the 
change  that  produced  a  contour  was  a  sharp  discon¬ 
tinuity,  the  contour  is  isolated.  In  this  case  we  can¬ 
not  measure  the  derivative  of  the  contour’s  property 
along  epipolar  lines,  the  way  we  measured  the 
rlunuu,liu  f  Him  U  ■  i.  tn’i  f  rirrh,i  >  Wi  ■ -r 
measure  the  other  derivative,  i.e.  of  the  epipolar  line 
along  the  contour.  (Formally,  we  can  differentiate 
with  I'espX'd.  to  0,  but  not  u).  This  is  enough  to  tllnf 
the  position  and  direction  of  the  contour  element  (by 
mining  2.T,&41  wllSl  Til's  Hole  flfcjtfcent,  Up<;  nn 
a  visible  surface  element,  and  its  direction  is  the 
direction  of  one  tangent  to  that  surface.  In  this  case, 
then,  without  further  information,  the  surface 
element’s  orientation  can  be  determined  only  up  to 
rotation  around  the  contour  element. 

2.4.  Non-Lambertian  Surfaces 

Y\  hen  the  reflectance  function  has  a  non-isotropic 

component,  the  reconstruction  becomes  more  difficult. 

1- he  isophotes  at  different  viewpoint  no  longer  correspond 


to  the  same  object  point.  Thus  the  simple  Lagrangian  for¬ 
malism  described  above  has  to  be  modified.  Additionally, 
more  unknowns  are  added  to  the  problem,  as  there  arc 
more  parameters  in  the  reflectance  function,  including  the 
relative  strengths  of  the  nonisotropic  components.  (They 
enter  the  vector  s*  in  eq.  (2.2).)  This  r°flecta.nce  function 
is  in  general  non-linear.  We  think  that  the  Lagrange  for¬ 
malism,  namely  following  points  on  the  changing  image, 
is  still  preferable  to  the  Euler  formalism  used  in  most 
optical  flow  theories  (measuring  changes  at  a  fixed  point 
on  the  image)  because  it  enables  us  to  deal  with  an  object 
point  (and  its  neighborhood)  separately  from  other 
points,  while  a  fixed  point  on  the  image  corresponds  to 
different  object  points  during  the  motion  of  the  camera. 

Because  simply  following  the  isophotes  is  not  useful 
as  in  the  Lambertian  case,  the  image  brightness  E  has  to 
be  taken  into  account  explicitly.  It  is  useful  to  work  in  a 
five-dimensional  vector  space  V ,  whose  components  are 
Zf  ,xj  ,?c .  In  the  fluid  mechanical  analogy,  the  subspace 
spanned  by  first  three  components,  E,%,  is  somewhat 
analogous  to  a  “phase  space”,  while  the  3?c  represents 
temporal  dimensions.  Thus,  for  one  viewpoint  (fixed  a?c ), 
the  image  is  a  2-D  surface  in  the  above  3-D  subspace.  It 
is  simply  the  surface  described  by  brightness  function 
R{Ti\9;Y  As  t,,i  r?mrr?  rmves  a|onr  some  (known)  path 
a?c(7)  in  the  a?c  dimensions,  it  creates  a  one-parameter 
family  of  such  2-D  surface,  so  that  we  have  a  3-D  surface 
it.  the  5-L  spare.  This  ytttf&ee  »  oUr  iftta,  inrasulTT.1 
the  images.  We  shall  call  it  the  “brightness  surface”,  to 
distinguish  it  from  the  visible  surface. 

Consider  again  the  image  irradiance  equation 

E(xt  AJi  ;xc  ,yc  )  =  R(n  ,v,t )  (2.2) 

whprp  t.lip  vipwinjj  rlirpr'trnn  v  Hp^prirta  nn  7^^,  * 

^  -  % 

V  — - 

This  equation  has  to  be  solved  for  each  object  point. 
We  assume  that  the  functional  form  of  R  is  the  same  at 
each  point,  with  different  parameters.  The  3-D 

brightness  surface  appears  on  the  left-hand  side  of  this 
equation.  To  solve  the  equation,  we  need  to  represent 
kb-  right  band  sLL.  Lx>.  ILL  van  be  dui.e  by  representing 
each  visible  surface  element  (around  an  object  point)  as  a 
trajectory  in  the  5-D  space.  For  such  an  element,  all  the 
unknowns  n,~i,W0,z0  are  fixed.  The  camera  moves  along 
the  path  (7),  causing  a  simultaneous  move  ??,  (7)  in  the 

ill  O.V.I.W1  dixii  with  the  peispectlVU 

geometry  equation,  eq.(2.1).  The  light  reflected  by  the  ele¬ 
ment  in  the  viewing  direction  also  changes.  Using  the 
reflectance  function  R,  we  can  compute  R( 7).  Now  we 
can  plot  a  trajectory  in  the  5-D  space,  with  R  being  plot¬ 
ted  in  the  E  dimension.  We  obtain  the  curve 

rh)  =  (K('y)rth)>-R  (b)) 

In  summary,  we  have  a  trajectory  T(7)  for  every  set  of 
unknown  parameters  pertaining  to  one  visible  surface  ele¬ 
ment. 
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II  such  a  surface  element  lies  on  our  visible  object, 
then  its  trajectory  in  the  5-D  space  V  must  lie  on  the  3-D 
bi ikfir ness  surface  (representing  b  in  that,  spaccj.  inis  is 
is  because  of  the  equality  E  =  R,  i.e.  the  reflectance  cal¬ 
culated  for  the  surface  element  has  to  match  the  meas¬ 
ured  image  brightness,  in  every  image  observed. 

Since  the  visible  object  is  made  of  such  elements,  the 
3-D  brightness  surface  created  by  the  object  in  the  5-D 
space  is  made  up  of  such  individual  trajectories.  We  can 
distinguish  between  the  different  trajectories  by  their 
starting  point.  Looking  at  the  first  image  on  the 
camera’s  path,  each  point  Jj  belongs  to  one  surface  ele- 
meni,  and  can  be  used  to  label  the  corresponding  trajec¬ 
tory. 

The  solution  of  the  image  irradiance  equation 
b  —  / t  for  each  surface  element,  is  n  w  mler  ,1  \ 
a  set  of  unknowns  ii  ,£0,z0  ,s'  for  which  the  element’s  tra¬ 
jectory  in  the  5-D  space  iies  entirely  on  the  brightness 
surface  (and  has  a  given  starting  point).  Correspondence 
is  not  an  issue  here.  A  trajectory  in  V  immediately 
defines  a  eni-rrep)  imli  n<*l*  Mime  i  smceessHT  lalftgss. 
Stated  differently,  the  correspondence  problem  has  been 
merged  into  the  trajectory  matching  problem. 

So,  by  following  trajectories  that  are  generated  by 
single  object  points,  we  have  been  able  to  decouple  the 
reconstruction  problem  and  solve  separately  for  small  sets 
of  parameters,  belonging  to  each  object  point,  rather  then 
dealing  with  the  image  as  a  whole.  The  usual  theories,  in 
contrast,  lead  to  a  large  set  of  coupled  equations  involv¬ 
ing  all  the  image  points.  This  trajectory  following  method 
U  it*  **w*t*t Mil  lit  *  -may,  with  Lagrange  o.yotci,,  of 
fluid  mechanics. 

Having  clarified  the  theoretical  vision  aspect  of  the 
problem,  wo  have  now  to  deal  with  the  more  practical 
Problem  of  fitting  a  trajectory  to  a  surface.  First,  how  do 
we  define  fitting?  One  way  is  to  demand  that  the  equa¬ 
tion  h  =  It  be  satisfied  at  several  points  along  the  trajec¬ 
tory.  I  bus  we  obtain  a  set  of  equations,  one  from  each 
such  point,  for  the  set  of  unknowns.  If  the  number  of 
points  is  at  least  as  large  as  the  number  of  unknowns,  a 
solution  can  be  found,  in  a  generic  case.  If  it  is  larger,  the 
reliability  improves  This  is  similar  to  the  situation 
described  in  Section  2.  As  noted  there,  the  system  is  not 
degenerate  because  the  geometrical  unknowns,  (n  ,K0  ,z0 ), 
are  coupled  to  the  viewing  direction  it.  The  other  param¬ 
eters  in  It  which  have  some  coupling  to  the  viewing 
direction  will  also  be  recovered.  For  instance,  having  a 
single  light  source,  we  may  find  its  direction,  and  find  the 
product  of  the  intensity  with  the  surface  albedo,  but  the 
latter  cannot  be  separated  in  this  method. 

In  practice,  because  of  noise  and  other  inaccuracies, 
it  may  be  impossible  to  find  such  a  solution.  Thus  it  is 
preferable  to  turn  the  problem  into  one  of  optimization. 
U nlikc*  theories  such  as  regularization,  this  optimization  is 
not  a  result  of  some  additional  assumptions  such  as 
smoothness,  which  are  not  needed  here.  It  is  simply  a  way 
tfi  nidlv  i1h>  11, i#  g  has  StflligiHfli. 


One  functional  we  can  optimize  is  the  sum  of  dis¬ 
tances  from  each  trajectory  point  to  the  nearest  bright- 
"***  ******  ’Fur  shnplkity,  Wt  mfeas'iut  Die  dis¬ 

tance  in  the  E  dimension  only,  taking  the  coordinates 
xc  v?i  1°  be  the  same  for  both  the  trajectory  and  the  sur¬ 
face.  Thus,  we  seek  to  minimize  the  functional 

J  (  ^  [T'  (-L>  'zo  )<K  Vs  ]  —  E (tr- ,Jtc ) )  d 

I  (7) 

over  all  possible  values  of  the  unknowns  ,zg  ,n  with 
the  constraint  of  passing  through  a  given  starting  point. 
The  unknowns  enter  the  problem  through  both  their 
explicit  appearance  in  the  integrand  and  their  determina¬ 
tion  of  the  trajectory  (Recall  that  xt  is  determined 

by  eq.  (2.1),  which  contains  the  unknown  position  ?  ,z 
ol  the  object  point). 

tlm  „uuit_,  or  unknowns  is  small,  we  may 
still  face  difficulties  resulting  from  the  non-linear  nature 
of  tlie  problem.  Our  strategy  to  deal  wi*h  tint  is  similar 
to  the  one  we  used  in  the  Lambertian  case.  In  step  1,  we 
use  a  very  short  trajectory,  and  linearize  our  expressions, 
a  Tayloi  expansion  of  it.  Alternatively,  higher 
derivatives  can  used  instead  of  several  close  points  along 
the  trajectory.  The  solution  of  the  linear  equations  pro¬ 
vides  a  good  initial  guess  for  step  2. 

Step  2  is  the  non-linear  optimization  described 
above.  The  small  number  of  unknowns  and  the  good  ini¬ 
tial  guess  make  the  task  quite  easy. 

As  in  the  Lambertian  easp,  no  use  has  been  made  ,  f 
a  smoothness  assumption.  Furthermore,  the  position  in 
space,  as  well  as  the  orientation,  have  been  recovered  for 
fcatii  object  Point  separately.  The  other  parameters  in  the 
reflectance  function  which  are  coupled  to  the  viewing 
direction  are  also  recovered.  The  multiple  viewpoints 
make  the  result  reliable  and  stable.  For  the  Lambertian 
rase  this  method  has  a  certain  degeneracy,  as  n  and  s’ 
cannot  be  separated  solely  by  moving  the  camera,  as 
noted  before. 

2.5.  Summary  and  Conclusions 

In  evaluating  the  AV  paradigm  for  recovering  shape 
from  shading,  two  major  benefits  arise: 

1)  More  viewpoints  give  us  more  information,  and  allow 
us  to  dispose  of  the  restrictive  assumptions  used  in 
previous  research  and  increase  the  stability  with 
respect  to  noise  and  other  errors. 

2)  One  would  think  that  with  more  images  the  task  of 
processing  the  given  information  will  be  harder  then 
for  one  or  two  viewpoints.  In  fact,  just  the  opposite 
has  happened,  because  we  have  been  able  to  decou¬ 
ple  the  handling  of  the  individual  object  points,  and 
solve  the  problem  in  small,  separate  parts. 

These  advantages  together  allow  us  to  infer  the 
geometrical  parameters  as  well  as  reflectance  function 
parameters  at  each  point  individually.  This  means  that 
we  reco\nr  the  true  shape  of  the  object,  rather  then  a 
smoothed  and  ‘‘optimized”  vprxij  ,  f  ii  ,  >i. 

do.  I  Ins  also  resolves  the  perennial  problem  of  whether  a 
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change  in  the  image  brightness  is  caused  by  a  change  in 
the  object’s  geometry,  or  by  other  light  reflectance  fac¬ 
tors. 

3.  SHAPE  FROM  CONTOUR 

Here  we  study  the  problem  of  the  detection  of  shape 
from  contour  by  an  active  observer,  and  we  compare  the 
performance  of  this  new  active  scheme  with  the  passive 
approach.  We  consider  the  contour  to  be  planar.  Work  on 
nonplanar  contours  can  be  found  in  (Ito  and  Aloimonos, 
1987a). 

3.1.  Introduction 

The  human  perceiver  is  able  to  derive  enormous 
amounts  of  information  from  the  contours  in  a  scene.  As 
part  of  this  capacity,  we  are  able  to  use  the  shapes  of 
image  contours  (as  they  are  seen  by  both  eyes)  to  infer 
the  shapes  and  dispositions  in  space  of  the  surfaces  they 
lie  on,  as  well  as  their  motion.  The  interpretation  of  con¬ 
tours  by  a  binocular  observer  involves  several  subprob¬ 
lems  (following  Wilkin,  1981): 

a)  Locating  contours  in  the  images 

If  contours  are  to  be  used  to  infer  anything,  they 
must  be  found.  The  human  perceiver  has  little  difficulty 

due'll  'ig  uli  |l  ml  i:  in  i  in  ir  e.-l  lu  «i(|fifuqlii- 

detection  of  edges  has  proved  very  difficult.  Perhaps  this 
fact  should  not  be  surprising;  the  contours  that  we  see  in 
natural  images  usually  correspond  to  definite  physical 
events,  such  as  shadows,  depth  discontinuities,  color 
differentia  atrd  Wire  like.  *U!liy  to  detect  these 

events  may  say  more  about  their  significance  for  image 
interpretation  than  about  their  ease  of  detection.  Why 
should  we  expect  events  that  have  simple  descriptions  in 
terms  of  the  structure  of  the  scene  to  have  simple 
tT oc f i p l iu i io  ni  Terms  vjf  tlie  rftmgt  1  i'lT, I  n S I T _y  Jui  Vve  IP  If 
the  physical  significance  of  contours  is  taken  as  their  pri¬ 
mary  feature,  then  at  least  we  know  what  is  being 
detected,  even  if  we  don’t  know  how.  But  recent 
research  (Nalwa,  1985)  shows  that  we  are  reasonably  well 
advanced  as  far  as  detection  of  contours  goes.  Actually, 
we  can  say  that  we  can  fairly  well  detect  the  contours  in 
an  image,  even  if  there  are  some  inaccuracies. 

b)  Labeling  contours  (i.e.  distinguishing  contours  which 

are  due  to  different  physical  events) 

II  contours  correspond  10  aitlereni  physical  events, 
then  an  essential  component  of  their  interpretation  must 
be  to  decide  whit  h  contours  denote  which  event,  since 
each  kind  of  contour  imparts  a  different  meaning.  Recent 
work  has  shown  that  strong  structural  constraints  can  be 
applied  to  distinguish  one  kind  of  contour  from  another. 

c)  Interpreting  contours 

Even  after  contours  have  been  found  and  labeled, 
not  much  is  known  about  the  physical  structure  of  the 
scene.  It  is  clear  that  contours  play  an  important  role  in 
the  human  perceiver’s  ability  to  decide  how  things  are 
shaped  and  where  they  are,  apart  from  the  application  of 
specific  “higher  level’’  knowledge  to  objects  of  known 


mape. 

In  this  section  we  study  this  problem  of  contour 
interpretation. 

3.2.  The  Passive  Approach  (Previous  Work) 

The  recovery  of  three-dimensional  shape  and  surface 
orientation  from  a  two-dimensional  contour  is  a  funda¬ 
mental  process  in  any  visual  system.  Recently,  a  number 
of  methods  have  been  proposed  for  computing  shape  from 
contour.  For  the  most  part,  previous  passive  techniques 
have  concentrated  on  trying  to  identify  a  few  simple,  gen¬ 
eral  constraints  and  assumptions  that  are  consistent  with 
the  nature  of  all  possible  objects  and  imaging  geometries 
in  order  to  recover  a  single  “best”  interpretation  from 
among  the  many  that  are  possible  for  a  given  image.  For 
example,  Kanade  (1981)  defines  shape  constraints  in 
terms  of  image  space  regularities  such  as  parallel  lines 
and  skew  symmetries  under  orthographic  projection. 
Wilkin  (1981)  looks  for  the  most  uniform  distribution  of 
tangents  to  a  contour  over  a  set  of  possible  inverse  pro¬ 
jections  in  objod  space  under  oilhu&iaphy.  Similarly, 
Brady  and  Yuille  (1984)  search  for  the  most  compact 
shape  (using  the  measure  of  area  over  perimeter  squared) 
in  the  object  space  of  inverse  projected  planar  contours. 

Rather  than  attempting  to  maximize  some  general 
*li  iipr-Wwul  WfwWun  vAWflw  si*e„  jf-possitTi 

inverse  projective  transforms  of  a  given  image  contour, 
and  adhering  to  our  framework  of  attempting  unique 
solutions  without  employing  any  restrictive  assumptions 
and  heuristics,  we  propose  to  find  a  unique  solution  by 
UoitTg  actr. .  3ppfouih,  SilieS  it  tail  be  fcdSiiy  moved 

that  one  image  of  a  planar  contour  (under  orthography  or 
perspective)  admits  infinitely  many  interpretations  of  the 
structure  of  the  world  plane  on  which  the  contour  lies,  if 
no  other  information  is  known.  Finally,  the  need  for  a 
unique  solution,  which  is  guaranteed  in  our  approach, 
arises  also  from  the  fact  that  there  exist  many  real  world 
counterexamples  to  the  evaluation  functions  that  have 
been  developed  to  date.  For  example,  Kanade’s  and 
Wilkin’s  measures  incorrectly  estimate  surface  orientation 
for  regular  shapes  such  as  ellipses  (which  are  often  inter¬ 
preted  as  slanted  circles).  Brady’s  compactness  measure 
does  not,  correctly  interpret  non-compact  figures  such  as  a 
rectangle  since  he  will  compute  it  to  be  a  rotated  square 
(e.g.  if  we  view  a  rectangular  table  top,  we  do  not  see  it 
as  a  rotated  square  surface,  but  as  a  rotated  rectangle). 
It  is  worth  noting  that  the  equations  used  in  previous 
work  (tlie  passim  approach)  am  highly  mmlinear. 

Up  to  now  we  have  only  discussed  monocular  passive 
shape  from  contour.  It  would  seem  that  detecting  shape 
from  contour  employing  a  binocular  observer  might 
reduce  ambiguity  and  nonlinearity.  It  is  shown  in  the 
sequel  that  this  is  not  the  case,  i.e.,  even  if  we  employ  a 
binocular  static  observer,  the  problem  is  still  nonlinear,  if 
we  want  to  avoid  solving  the  correspondence  problem 
between  the  left  and  right  frames.  (We  have  stated  that 
our  approach  will  be  correspondenceless.)  Indeed,  consider 
a  hrhioi  idai  oTisei  vei  iiiiagiiTg  a  plant  euinoui  X,  with  pru- 
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jections  C i  and  CR  on  the  left  and  right  frames  respec¬ 
tively.  Let  a  coordinate  system  OXYZ  be  fixed  with 
respect  to  the  left  eamera,  with  the  Z  axis  pointing  along 
the  optical  axis.  We  assume  that  the  image  plane  7m(  is 
perpendicular  to  the  Z  axis  at  the  point  (0,0,1).  Let  the 
nodal  point  of  the  right  camera  be  the  point  (d,0,0),  and 
let  its  image  plane  Im ,  be  identical  to  the  previous  one. 
Consider  also  a  plane  P  in  the  world  with  equation 
Z  =  pX  +  qY  +  c  ,  whieh  contains  a  eontour  C ,  and  con¬ 
sider  the  images  (perspective)  C,  and  Cr  of  the  contour 
on  the  left  and  right  image  planes  respectively. 

From  now  on  we  will  denote  the  coordinates  on  the 
left  and  right  image  planes  by  (ar,,3/()  and  (xr,yr)  respec¬ 
tively.  We  assume  perspective  projection.  We  ean  easily 
prove  that  if  5/ ,  Sr  are  the  areas  enclosed  by  eontours  C; 
and  Cr  and  (AL,BR),  (AR,BR)  the  centers  of  mass  of 
eontours  Ct  and  Cr,  then 

Sl  _  1  -ALp  -BLq 
Sr  l-ARp-BRq'  (3-1) 

where  (p  ,q)  is  the  gradient  of  the  plane  Id  with  equation 
Z  =  pX  +  qY  +  c  with  respeet  to  the  left  frame,  and 
where  we  have  assumed  (for  simplicity  and  without  loss 
of  generality)  that  the  focal  length  /  =  1.  For  a  proof  of 
(3.1)  see  Appendix  1.  If  we  want  to  recover  the  shape  of 
the  contour  in  view  without  any  assumptions,  what  we 
should  do  is  eonneet  properties  of  the  left  and  right 
images,  if  we  don’t  want  to  resort  to  correspondence. 
Sueh  properties  can  include  area,  perimeter,  any  function 
of  these  two,  or  other  functions  of  the  positions  of  the 
eontours.  Equation  (3.1)  is  linear  and  is  the  only  linear 
constraint  we  have  been  able  to  find. 

Another  constraint  can  be  extracted  from  the  perim¬ 
eters  of  the  two  eontours.  If  we  ealeulate  the  perimeter 
of  the  world  eontour  from  eaeh  of  two  projections,  then 
these  two  results  should  be  equal.  From  this  we  ean  get 
an  additional  constraint  on  p,q. 

To  do  this,  we  need  to  develop  the  first  fundamental 
form  of  the  world  plane  as  a  function  of  the  retinal  coor¬ 
dinates,  in  order  to  be  able  to  compute  the  length  of  the 
world  contour  (up  to  a  constant  factor,  of  eourse).  If  we 
fix  a  coordinate  system  OXYZ  with  the  Z  axis  as  the 
optical  axis  and  foeal  length  1  and  we  consider  a  plane  II: 
Z  —  pX  +  qY  +  c  in  the  world  with  a  eontour  C  on  it, 
and  we  denote  by  (x,y)  the  coordinates  on  the  image 
plane,  then  a  point  ( X,Y,Z )  in  the  world  planar  contour 
C  is  projected  onto  the  point 

=  X  .  =  Y_ 

x  Z  '  V  Z 

The  inverse  imaging  function,  eall  it  /,  is  the  func¬ 
tion  that  maps  the  image  plane  onto  the  world  plane;  so. 
if  ( x,y )  is  an  image  point,  the  3-D  world  point  on  the 
plane  Z  =  pX  +  qY  +  c  that  has  (x,y)  as  its  image  is 
given  by 

rt  \  {  CX  cy  c 

f(x  <y )  =  - - .  - — - — ,  - - 

t  1  -  px  -  qy  1  -  px  -  qy  1  -  px  -  qy 


The  first  fundamental  form  of  /  [Lipsehutz,  1969]  is 
the  quadratic  form 

E  dx 2  +  2F  dx  dy  +  E  dy 2  , 

with 

E=fx  ■/, 

F  =fx  '/»  and 
G  -/,■/,■ 

After  simple  calculations  we  get 


(1  -px  -  qy )' 


(i  =  <iy)2  +  p°-y2  +  p2 


(1  -px-qy)‘ 


■[{l-qy)qx  +  (1  -  px  )py  +  pq] 


(1-ps-qy  y1 


?V  +  (1  -pxf+  q2 


So,  if  we  consider  two  points  (x,y)  and  (x  +  dx , 
y  +dy)  on  the  image  plane,  then  the  three-dimensional 
distance  dC  of  the  corresponding  points  on  the  world 
plane  is  given  by 

dC  =  y/ ( Edx 2  +  2 F  dx  dy  +  G  dy2) 

Consequently,  if  we  have  a  eontour  C  on  the  image 
plane,  then  the  3-D  planar  contour  has  length 

fG  V (E  dx2  +  2 F  dx  dy  +  Gdy2) 

Using  the  above  equation  we  ean  compute  the  length  of 
the  world  eontour  (up  to  a  constant  faetor)  from  both  the 
left  and  right  frames,  and  equate  the  results.  This  will 
result  in  an  equation  (nonlinear)  with  unknown  p,q. 
This  equation  may  be  solved,  together  with  the  linear 
constraint  (Aloimonos,  1986),  to  give  the  orientation  gra¬ 
dient  of  the  contour.  Uniqueness  is  not  guaranteed 
theoretically,  and  the  nonlinearity  could  ereate  instabili¬ 
ties. 

We  now  proeeed  to  study  the  same  problem,  but 
using  an  aetive  observer.  We  distinguish  between  a 
monoeular  and  a  binoeular  observer. 

3.3.  The  Active  Approach 

3.3.1.  Monocular  Observer 

This  problem  has  already  been  addressed  by 
Aloimonos  (1986)  and  Kanatani  (1986).  In  Kanatani’s 
seheme,  the  method  developed  is  an  application  of  the 

linear  feature  theory  introduced  by  Amari  (1978).  The 
treatment  is  for  differential  motion.  In  Kanatani’s 
seheme,  if  we  have  a  elosed  curve  C  on  the  image  plane, 
then  features  are  defined  as  various  line  integrals  along  C 
of  the  form 


=  f  F(x,y)‘ 

J  r 


with  ds  —  \/ dx- A  dy- ,  and  F  any  differentiable  function. 
1  hen,  the  ehange  —  as  the  observer  moves  is  connected 
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through  linear  equations  to  the  gradient  ( p  ,q )  of  ‘he 
plane  on  which  the  contour  lies.  In  other  words,  7  the 
observer  moves  with  a  known  motion,  then  from  ti  e  tv  o 
successive  images  of  the  contour,  the  shape  ( p  ,q )  ol  ..he 
three-dimensional  contour  is  uniquely  computed,  if  cer¬ 
tain  conditions  are  satisfied.  The  solution  is  given 
through  linear  equations.  The  sensitivity  of  the  method 
to  noise  depends  on  the  error  introduced  form  the  numer¬ 
ical  differentiation  and  only  on  this,  and  as  reported  the 
method  seems  unstable  in  the  presence  of  noise. 

3.3.2.  Binocular  Observer 

Here  we  examine  the  active  perception  of  shape  from 
contour  by  a  binocular  observer.  Again,  let  a  coordinate 
system  be  fixed  with  respect  to  the  left  camera  with  the 
Z  axis  pointing  along  the  optical  axis.  We  consider  that 
the  image  plane  /,„(  is  perpendicular  to  the  Z  axis  at  the 
point  (0,0,1).  Let  the  nodal  point  of  the  right  camera  be 
at  (d, 0,0),  and  let  its  image  plane  I„lf  be  identical  to  the 
previous  one.  Consider  a  plane  P  in  the  world  with 
equation  Z  =  pX  +  qY  +  c  that  contains  a  contour  C 
and  consider  the  perspective  images  C;  and  Cr  of  the 
contour  on  the  left  and  right  image  frames  respectively 
Let  Si  and  SR  be  the  areas  of  the  left  and  right  image 
contours  respectively.  Then  (see  Appendix  1) 

Sj.  _  \ -alp-dl, 

Sr  1  ~  Arp  -BRq 

where  {Ai,Bl),  (AR,BR)  are  the  centers  of  mass  of  the 
left  and  right  contours  respectively.  We  call  this  con¬ 
straint  the  area-ratio  constraint.  Now,  we  rotate  both 
eyes  by  a  small  angle  0  around  the  X  axis  (this  can  also 
be  simulated).  The  new  image  coordinates  are 

rux  +rny  +  r31 
x ' ' — - — - 

rl3x  +  r23  y  +  r33 

r  12  X  +  r 22  2/  +  r32 
y' — -  ,  where 

ri3x  +  r  23  2/  +  r33 


R  ■—  [rij  ;3X3  =  *  n  -sil S'1  | 

Lo  sir,  5  cosdj 


Hence 


cos9-  i/sind 

,  sin  3  +  i/cosd 

V  — - 1 — : - 

cos9  -  i/sind 

Then  the  new  gradient  {p',q')  of  the  world  contour  is 

P'= - I 

cosd  +  q  sin3 

, _  q  cosd  -  sind 

^  cosd +  9  si  nd 

But  again  from  the  area  ratio  constraint 
Sj{  1  A  i  p '  -  Pj  q 1 

Sr  1  A  ftp'  B{fq' 


where  [A^Bp,  (A$,BR)  are  the  centers  of  mass  of  the 
left  and  right  contours  after  the  rotation  and  Si,  SU  are 
their  areas,  respectively. 

Using  (3.3),  (3.4)  in  (3.5)  we  get 

Si  cosd  +  qs'u\8  -  Aip  -  Bi(q  cosd-sind) 

SR  cosd  +  qs\nd- ARp  -  BR(q cosd- s'md)  ^  ^ 

Equations  (3.2)  and  (3.6)  constitute  a  linear  system  in  the 
unknowns  p  and  q  that  has  a  unique  solution  in  general. 
These  equations,  however,  become  degenerate  when 
p  =  0;  this  is  because  when  p  =  0,  both  equations  reduce 
to 

SL  —  1  -BLq 
Sr  1  ~BRq 

But  the  p-coordinates  are  the  same  in  both  images,  and 
so  Bi  =Br  and  consequently  Si  =SR.  So,  if  p  —  0  the 
areas  in  both  images  are  equal.  Appendix  2  develops  a 

condition  that  proves  that  this  is  sufficient  too,  i.e.  p  =  0 
iff  the  areas  in  both  images  are  equal.  Here,  we  devise  a 
method  for  computing  q  in  case  p  =  0. 

We  can  easily  prove  that  if  both  p  and  q  are  zero 
(world  plane  parallel  to  image  planes),  then  the  length  of 
the  contours  in  both  images  (perimeters)  are  equal.  It  is 
not  sufficient,  though,  for  the  lengths  of  the  contours  to 
be  equal.  This  does  not  imply  that  p  =  9  =  0;  there  are 
some  degenerate  cases,  which  are  discussed  in  (Aloimonos 
and  Basu,  1986).  For  the  purposes  of  this  section,  assum¬ 
ing  that  we  can  check  for  the  degenerate  cases,  we  pro¬ 
pose  the  following  algorithm  for  actively  perceiving  shape 
from  contour  in  the  case  of  p  =0. 

Step  1:  Rotate  the  cameras  so  that  discrepancy  between 
the  lengths  of  the  left  and  right  contours  is  minim¬ 
ized. 

Step  2:  q  corresponds  to  the  rotation  that  minimizes  the 
discrepancy. 

Let  (0,9  ,-l)  be  the  surface  normal  of  the  world  contour. 
Rotating  the  camera  by  6  around  the  x-axis,  we  get 

p'  (10  0  1(0 

q'  =  0  cos 0  -sin0  9  or 
k'>  l0  sin0  cos(U  -1 


p' 

„l 

k' 

P1 

n1 

q 

k' 

q1  =  9  cos0  +  sin0  . 
k'>  l  9sin0  -  cos0  I 
We  need  q'  =  0,  hence 

9cos0  +  sin0  =  0  or  9=-tan0. 

Thus,  if  9  is  the  rotation  that  minimizes  the  difference 
between  contour  lengths,  then  q=-t?x\9  gives  the 
corresponding  9 .  A  similar  analysis  can  be  done  for  a 
verging  stereo  system.  The  mathematics  is  much  more 
complicated  and  it  can  be  found  in  (Aloimonos  and  Basu, 
1986). 

3.4.  Summary  and  Discussion 
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Wo  have  presented  a  theory  for  the  computation  of 
shape  from  contour  by  an  active  observer.  The  con¬ 
straints  involved  demonstrate  the  superiority  of  an  active 
observer  vs.  a  passive  one,  with  respect  to  computation. 
1  niquencss  and  linearity  vs.  ill-posedness  and  instability 

make  the  AV  paradigm  with  respect  to  the  shape  from 
contour  problem  very  appealing  and  worth  studying.  The 
advantage  of  binocular  shape  from  contour  over  monocu¬ 
lar  shape  from  contour  lies  in  the  fact  that  the  monocular 
case  has  been  demonstrated  to  be  unstable.  The  problem 
v.ith  the  active  binocular  shape  from  contour  theory  is 
that  the  contours  in  the  left  and  right  images  have  to  be 
corresponded.  We  have  not  solved  this  problem  but  it  is 
certainly  easier  to  correspond  macrofeatures  (contours) 
rather  than  microfeatures.  Finally,  the  problem  of  shape 
from  nonplanar  contour,  i.c.  understanding  the  structure 
ol  the  contour  without  correspondences  in  an  active  way, 
is  treated  in  (Ito  and  Aloimonos,  1987a).  We  chose  here 
the  case  of  a  planar  contour,  because  this  case  has  been 
addressed  extensively  by  past  research. 

4.  SHAPE  FROM  TEXTURE 


1  he  problem  of  shape  from  texture  has  received  a  lot 
of  attention  in  the  past  few  years  and  some  excellent 
research  on  the  topic  has  been  published  (Gibson,  1950- 
Stevens,  1980;  Wilkin,  1980;  Davis  et  al.,  1983;  Kanatani, 
1981;  and  Aloimonos,  1989).  The  problem  in  the  passive 
case  is  defined  as  “finding  the  orientation  of  a  textured 
surface  from  a  static  monocular  view  of  it.”  This  problem 
is  ill-posed  in  the  sense  that  there  exist  infinitely  many 
solutions.  To  restrict  the  space  of  solutions,  assumptions 
have  to  he  made  about  the  texture.  Assumptions  such  as 
directional  isotropy  and  uniform  density  have  been 
employed  in  previous  research.  Uniform  density  has  been 
defined  as  density  of  texels  or  density  of  the  sum  of  the 
lengths  of  the  contours  (zero-crossings)  in  the  image. 

It  is  very  clear  that  even  though  some  of  the 
assumptions  used  in  the  literature  for  the  recovery  of 
shape  from  texture  are  general  enough,  they  are  not 
powerful  enough  to  capture  a  very  large  subset  of  natural 
images.  As  a  result,  the  developed  algorithms  fail  when 
they  are  applied  to  many  real  surfaces.  Furthermore, 
there  is  no  way  to  check  in  advance  whether  or  not  a  par¬ 
ticular  assumption  is  valid  for  the  surface  that  is  imaged. 

I  his  problem  alone  is  enough  to  demonstrate  the  res¬ 
tricted  applicability  of  the  existing  shape  from  texture 
algorithms  (or  of  the  ones  yet  to  come).  Wc  will  show 
that  if  the  observer  is  active  then  the  shape  from  lextur- 
problem,  or  the  problem  of  shape  detection  from  surface 

intensity  and  markings,  becomes  easy,  in  the  sense  that 
no  restrictive  assumptions  are  necessary  and  the  solution 
is  obtained  from  linear  equations. 

I  he  next  section  introduces  the  mathematical  prere¬ 
quisites.  For  simplicity,  and  without  loss  of  generality, 
we  will  assume  that  the  surface  in  view  is  planar  (as  in 
previous  shape  from  texture  research).  If  the  surface  in 
view  is  nonplanar,  then  the  problem  can  be  addressed 


■  *  -  H  r-jt  *<  _  K  J  X  J 


either  by  applying  our  theory  locally  in  the  image,  i.e. 
assuming  that  the  surface  in  view  is  locally  planar,  or  if  a 
parametric  model  for  the  surface  is  assumed,  then  the 
same  basic  principles  reported  here  may  he  used  to 
recover  the  parameters  of  the  surface. 


4.1.  Prerequisites 

Suppose  that  the  camera  is  looking  at  a  planar  sur¬ 
face.  Assume  further  that  the  camera  is  moving.  For  our 
analysis  we  assume  that  the  surface  is  moving.  This  is 
equivalent  to  the  motion  of  the  camera,  and  it  is  done 
here  for  simplification  of  the  formulas.  Gall  the  planar 
surface  in  the  world  IF  and  the  image  plane  ll .  Suppose 
that  point  X  =  (AM',Z)e  IF  is  projected  onto  point 
x  —  (x,y )  6  R  .  Let  the  motion  of  the  surface  consist  of  a 
translation  T  =  (l„ (2,(3)  and  a  rotation  0  =  (w,,w,„w.,), 
or  V(X)  =  T  +  n  X  X,  where  V(X)  is  the  velocity  "of  a 
point  XeW.  Then  this  velocity  can  be  written  as 


V(X)=  E  hV,(X),  where 

t  =  i 


ri  =  'i,  L,(x)  =  (l  0  0)7' 
r2=lo,  F2(x)  =  (0  1  U)r 
r3=<3-  lr,3W  =  (0(ll)J’ 
r.,  =  w,,  F.,(x)  =  (0  Z  Y)r 
r5  =  W2-  '/5(x)  =  (Z  0  A')7' 
r6  =  w3,  V6(x)  =  (  Y  X  O)7' 


Then,  it  can  be  easily  proved  that  the  optic  flow  (image 
velocity)  at  a  point  x  =  (x,y )  is  x  =  £  rk  u{.  (x). 

k  I 


We  prove  the  above  equation  avoiding  the  details  of 
the  perspective  projection.  Let  the  projection  from  the 

w°Hd  to  the  image  plane  he  P,  with 
P(X)  =  x  =  (*,*)  =  (P,(X),  P,(X))  .  If  the  shape  of  the 
surface  IF  is  given  (a  function  A),  a  mapping:  Ph  1  :  //  _ 
object  surface  is  defined  such  that  P(  Ph  '(x))  —  x 

b  Thc  °ptic  now  *  ilt  a  P°int  *  =  (r,y)  is  then  given 


x  =  ^p(X). 


OP 


where  both 


dP 


ax 


nates. 


dX 


and  V  are  functions  of  retinal  coordi- 


So,  since  V=  £  rkVt,  we  have 
k  1 

6 

X===  E  rk  uk  (x)  wit 

k  1 


(LI) 


dp 


u*  W  =  -^-(/V'(x))  V,  (  !\  '(x)). 


Equation  (4.1)  will  he  used  very  frequently  in  (he  sequel. 
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4.2.  Linear  Features 


Here  we  introduce  the  eoneept  of  a  linear  feature 
vector  that  has  proved  to  be  a  strong  device  for  several 
problems  in  eyberneties  (Amari,  1978).  Let  the  image 
intensity  funetion  be  denoted  by  s(x,y).  A  linear  feature 
(LF)  is  a  linear  function  /  uVei  the  image,  i.e. 


/  =  JJ  s{x,y)m{x,y)dx  dy  , 

l  •  Hi  •  ■  •  bJ  j.  • 

V  iifci  L  ml  jo  canpu  ex  liitidoui  1  unutnwu,  d  to  Lii  ^ 


brightness  and  the  integration  is  taken  over  the  area  of 
interest.  A  linear  feature  vector  f  (LFV)  is  a  veetor  of 
linear  features,  i.e. 


f  =  l/i  /o  •  •  •  fn\T  ,  With 


s  rnt  dx  dy 


where  m,  is  a  measuring  function,  for  i  =1,  .  .  .  ,  n. 
{m,}  could  be  any  set;  one  good  example  is 
{m,-}  =  {mpq}  =  {e'(2  +  "v)}(  in  which  case  a  linear 
feature  corresponds  to  a  Fourier  component  of  the  image. 


4.3.  The  Constraint 

Since  there  is  motion,  the  induced  optical  flow 
satisfies  the  following  equation  (approximately): 

sx  u  +  sy  v  +  st  =  0, 

where  u.v  \  is  the  oj  tic  flow  at  a  point  f.x,pl  and  .sT„  n  , 
st  are  the  spatiotemporal  derivatives  of  the  image  inten¬ 
sity  function  at  the  point  (x,y).  This  equation  can  be 
w  .  as 

ds 

m=-xvs- 

Tne  time  derivative  of  an  LFV  will  be 

f  =  I/1/2  •  •/«].  where 

/,  =  J  J  -|y  m,  dx  dy  =-  JJ m,-  (x  •  ys )  dx  dy 

The  optic  flow  field  (from  equation  4.1)  can  be  written  in 
the  form 


6  6 
*  =  E  rk  u*  =  E  rk 

k-=  1  k  =  1 


Uk  (x)' 
vk  (x) 


From  this, 

II  m,-  (x  -  v-s )  dx  dy  or 
/,  =  -  E  rk  f  f  mi  iuk  sz  +  vk  sy ) dx  dy  or 

*  =  1  J  J 


/,  =  E  rk  Kk  - with 


k  =  1 


=  -  JJ mi  («*  SZ  +  vk  sv )  dx  dy 


So,  we  have  found  that 
f  =//  r, 


(4.2) 


where  II  =  (hjk  )  and  r=(rlr2  •  '  •  r(l) 7  ,  the  motion 
parameters. 

Matrix  II  contains  the  parameters  of  the  plane  in  a 
linear  form.  So,  equation  (4.2)  relates  linear  features  with 
shape  and  motion  parameters.  Furthermore,  it  is  linear 

1.,  the  shape  of  (lie  pins. nr  turfaec  in  view.  Kw,  a  sMtipk 
linear  least-squares  method  or  a  Hough  transform  tech¬ 
nique  is  sufficient  for  the  recovery  of  the  gradient  of  the 

plnnr  id  view.,  I  if|il  li  r*u  lhi  JMUijiiiten  t  oil  If  drained 

Finally,  we  want  to  stress  here  the  fact  that  in  this 
algorithm,  the  spatial  derivatives  of  the  intensity  function 
don’t  need  to  be  eomputed.  This  is  due  to  the  linear 
feature  veetor  approaeh.  (Integration  by  parts  avoids 
differentiation  of  the  intensity  function.  Instead,  the 
derivative  of  the  measuring  function  has  to  be  computed. 
So,  we  avoid  differentiating  the  image  intensity,  which  is 
discrete,  because  numerical  differentiation  is  an  ill-posed 
problem.)  More  importantly,  the  same  approach  can  be 
followed  if  the  image  is  a  dot  pattern  (or  a  line  pattern 
zero  crossings),  i.e.  it  is  discontinuous.  The  reason  for 
this  is  again  the  fact  that  the  spatial  derivatives  of  the 
intensity  function  don’t  have  to  be  estimated.  Only  the 
temporal  derivative  of  the  image  needs  be  estimated.  This 
approach  has  been  initiated  in  (Ito  and  Aloimonos,  1987). 

4.4.  Summary  and  Discussion 

We  have  presented  a  method  for  the  recovery  of  the 
snape  ul  a  plan tu  surface  by  an  active  obsclVfcl.  Will 
method  does  not  rely  on  any  assumptions  about  the  tex¬ 
ture  and  it  does  not  require  the  image  to  be  spatially 
differentiable.  The  approach  is  based  on  the  fact  that  the 
observer  is  moving  with  a  known  motion.  If  the  observer 
is  moving  with  an  unknown  motion,  then  again  the  prob¬ 
lem  is  solvable,  and  it  has  been  addressed  by  Aloimonos 
and  Bandyopadhyay  (1986),  Negahdaripour  (1986),  and 
Amari  et  al.  (1985).  We  will  report  elsewhere  our 
research  on  this  case. 

5.  STRUCTURE  FROM  MOTION 

5.1.  Introduction 

The  problem  of  structure  from  motion  has  received 
considerable  attention  lately  (Ullman,  1979;  Longuet- 
Higgins  and  Prazdny,  1980;  Tsai  and  Huang,  1984).  The 
problem  is  to  recover  the  three-dimensional  motion  and 
structure  of  a  moving  object  from  a  sequence  of  ils 
images.  Even  though  computation  of  structure  and  3-1) 
motion  are  equivalent  when  the  retinal  motion  is  given, 
the  two  problems  have  received  different  names.  I  lie 
former  “Structure  from  Motion”  and  the  latter  “Passive 
Navigation.”  We  will  refer  to  them  interchangeably. 

Basically  there  have  been  two  approaches  toward 
solving  this  problem.  The  first  assumes  “small”  motion. 

In  this  case,  if  the  three-dimensional  intensity  function 
(two  spatial  and  one  temporal  argument)  is  locally  well- 
behaved  and  its  spatiotemporal  gradients  are  defined, 
then  the  image  velocity  field  (or  optic  flow)  may  be  com¬ 
puted  (Horn  and  Schunck.  1981;  Hildreth,  1984).  \lgo- 
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rithms  developed  using  this  approach  use  the  velocity 
field  to  compute  3-D  motion  and  structure.  The  second 
approach  assumes  that  the  motion  is  large  and  measure¬ 
ment  of  image  motion  entails  solving  the  correspondence 
problem.  Imaged  feature  points  due  to  the  same  three- 
dimensional  artifact  (e.g.  texture  element  or  edge  junc¬ 
tion)  in  two  successive  dynamic  frames  are  assumed  to  be 
identified  correctly.  Algorithms  using  this  approach  com¬ 
pute  3-D  transformation  parameters  from  the  above  men¬ 
tioned  displacements  field  (Tsai  and  Iluang,  1981;  Roach 
and  Aggarwal,  1980;  Nagel  and  Neumann,  1981).  There 
is  a  third  approach,  that  computes  3-D  motion  directly 
from  brightness  patterns,  hut  the  general  rase  (unres¬ 
tricted  motion)  has  not  been  solved  yet  (Aloimonos  and 
Brown,  1981;  Negahdaripour  and  Horn,  1985). 

The  “small”  (continuous)  and  “large”  (discrete) 
motion  cases  are  slightly  different  in  terms  of  the  con¬ 
straints  that  relate  the  3-D  to  the  2-D  motion,  although 
the  results  are  essentially  the  same  (Fang  and  Huang, 
198-1).  So,  we  concentrate  here  only  on  the  continuous 
case,  where  the  input  to  the  “structure  from  motion”  per¬ 
ceptual  process  is  the  optic  flow  field.  What  will  he 
developed  in  the  sequel  has  meaning  if  and  only  if  the 
optic  flow  (image  velocity)  is  the  projection  of  the  three- 
dimensional  motion.  We  state  this  explicitly,  because  the 
velocity  of  the  brightness  patterns  in  the  image  is  com¬ 
puted  (according  to  the  existing  literature)  using  some 
assumptions,  which  might  violate  the  fact  that  image 
velocity  is  the  projection  of  3-D  motion.  In  the  case 
where  optic  flow  is  used  as  input,  there  is  some  excellent 
research  (Bruss  and  Horn,  1983;  Prazdny,  1981).  The 
basic  problems  of  this  passive  approach  are: 

1)  The  constraint  that  relates  3-D  to  2-D  motion  is 

nonlinear. 

2)  TJte  y  wf  4b#  tmknjws  ts  high 

(five,  if  one  camera  is  used). 

Sometimes,  closed  form  solutions  may  be  found 
(Longuet-Higgins  and  Prazdny,  1980),  but  higher  order 
derivatives  of  the  optic  flow  are  involved.  Thus,  given 
that  optic  How  wifi  he  noisy  (tfipi’p  is  no  algorithm  to 
date  that  can  compute  optic  flow  in  natural  scenes  with 
high  accuracy)  and  also  given  that  numerical 
differentiation  is  an  ill-posed  problem  (Poggio  et  ah, 
1986),  the  efficacy  of  these  approaches  is  questionable.  In 
iWs  sr'iK  n  we  fT,  ('#■  tlt«(  3U1  wli*#  jtmww  SbWt*  ill# 
structure  from  motion  problem  more  efficiently.  In  par¬ 
ticular,  an  active  monocular  observer  brings  down  the 
dimension  of  the  space  ol  the  unknowns  from  live  to  lour, 
hut  he  does  not  get  rid  of  the  nonlinearity.  An  active 
binocular  observer  greatly  simplifies  the  constraints  used 
in  the  analysis  of  motion  and  permits  simple  closed  form 
solid  ions  of  the  resulting  parameter  equations. 

The  strategy  advocated  in  this  section  calls  for  visual 
tracking  and  here  the  formulation  is  the  one  in  (Bandyo- 
puittiyiiy  IG5I)l)  '''hi-  uqjqomujTi  K  ■W!~ri‘*li  I  ■■  u  pru-dlib 
way  to  overcome  the  difficulties  of  the  passive  monocular 
approach.  The  possible  employment  of  active  tracking  to 
facilitate  navigation  has  been  suggested  by  visual 


psychologists  (Cutting,  1982). 

It  will  be  shown  (Bandyopadhyay,  1986)  that  when 
the  observer  is  able  to  track  a  prominent  feature  point  in 
the  imaged  scene,  the  task  of  navigation  is  facilitated 
since  it  is  easier  to  compute  egomotion  parameters,  com¬ 
pared  to  the  non-tracking  ease.  The  emphasis  in  this  sec¬ 
tion  is  on  the  mathematics  governing  the  imaging  equa¬ 
tions  that  are  obtained  while  the  system  is  tracking.  To 
track, ^  the  system  must  have  some  way  of  measuring  the 
error  in  the  retinal  signal. 

The  outline  of  this  section  is  as  follows: 

1.  Error  velocity  measurement  to  ror-pc),  Uackir  g  drift 
is  discussed  in  light  of  the  primate  pursuit  system. 

2.  A  general  form  of  the  relation  between  3D  velocity 
parameters  and  retinal  optical  flow  is  derived  In 
previous  derivations  of  this  relation,  the  origins  of 
the  body  centered  coordinate  frame  and  viewer  cen¬ 
tered  coordinate  frame  are  taken  to  coincide  at  the 
instant  of  measurement.  Using  the  general  represen¬ 
tation  it  is  shown  why  a  monocular  observer,  who  is 
able  to  track  an  environmental  feature  point,  has  to 
contend  with  a  smaller  number  of  velocity  parame¬ 
ters. 

3.  A  new  set  of  constraint  equations  are  derived  for  the 
tracking  observer,  which  allow  closed  form  solution 

of  the  egomotion  parameters.  Simulation  results  are 
described  and  implementational  issues  for  integrating 
this  module  into  the  overall  motion  interpretation 
scheme  are  discussed. 

5.2.  Target  Selection  Via  Velocity  Channels 

The  key  assumption  is  that  the  alignment  of  the 
camera  axes  is  controllable  by  the  system  itself.  In  this 
tts  the  sy.tlv.in  moves  in  tbt  woilj,  the  orientation  of 
the  camera  is  continually  adjusted.  This  adjustment  is 
dependent  upon  the  two  dimensional  motion  perceived  on 
the  retina. 

In  the  tracking  system  the  problem  can  be  seen  as: 
'five n  the  image  of  a  target  i  avfcut  ti  rntal  ,  to  gen 
crate  control  signals  that  will  foveate  the  target.  The 
block  diagram  of  a  system  for  accomplishing  this  can  be 
schematized  as  shown  in  Figure  5.1.  The  first  and  most 
important  point  to  make  is  that  the  system  can  be  ade- 

cuniefj-  in iu Mr 1 1  i,y  mcu  ^i.e^pts.  It  is  Tela 

Lively  easy  to  see  how  to  generate  the  kinds  of  motor 
commands  for  the  two  movement  system  to  produce  the 
observed  behavior.  This  of  course  assumes  that  the  lar¬ 
ge!  point  is  identified. 

Target  identification  is  a  central  issue:  in  a  compli¬ 
cated  motion  field,  how  can  the  target  velocities  be  easily 
identified?  This  is  a  basic  subproblem  in  tracking  using 
velocity  sensing  and  is  captured  by  Figure  5.2. 

Our  answer  to  this  question  uses  the  notion  of  global 
HtrtV  bckl  vttT.ots.  ouch  vLctoi o  respond  io  Velocities  in 
every  part  oT  the  optical  flow  field.  In  other  words,  if  we 
visualize  the  optic  How  field  as  a  four  dimensional  param¬ 
eter  space  (x,y,u  (.T,?/),  t>  (x,y)),  the  global  How  field 
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sums  all  the  different  flow  vectors  in  a  two  dimensional 
(u,v)  parameter  space.  The  detectors’  sensitivities  are 

ui gamzlrif  into  ct ia.il nets.  In  T-tie  ease  oT  a  jja.iLiv.nlai  now 

field,  some  channels  will  typically  respond  to  it  and  oth¬ 
ers  will  not.  Figure  5.3  shows  how  the  channel  concept 
can  be  utilized. 

We  claim  that  with  this  abstract  flow  channel  model 
the  problem  becomes  one  of  determining  whieh  of  the 
channels  should  b-  used  foi  the  eye  movement  eontrol 
system.  This  means  that  a  mechanism  is  needed  to 
switch  the  appropriate  channels  into  the  servo  system. 
Note  that  this  technique  uses  a  spatially  distributed 

detector  array.  Our  contention  is  that  it  is  appropriate 
to  average  the  flow  fie.'  1  over  this  subset. 

A  meehanism  to  switch  the  detectors  on  once  the 
appropriate  ones  have  been  identified  is  simple  to  under¬ 
stand,  so  we  will  concentrate  on  identifying  the  ideas 
behind  selecting  the  right  detectors.  The  general  way 
that  this  is  done  is  by  a  feed-forward  mechanism  that 
determines  some  selection  criterion.  The  different  kinds 
of  criteria  an-  important,  so  it  is  useful  to  categorize 
them. 

1.  Extrinsic  features.  This  method  uses  some  other 
feature,  say  eolor,  that  also  has  spatially  organized 
detectors.  To  track  a  red  object,  the  detectors  that 
register  red  are  used  to  seleet  the  spatial  component 
of  the  velocity  detectors.  All  such  detectors  with  the 
appropriate  correspondence  die  used. 

2.  Intrinsic  features.  This  method  uses  some  particular 
range  of  values  for  the  flow  field  itself,  say  all  values 
over  a  certain  velocity  magnitude.  To  track  an 
object,  all  the  detectors  that  satisfy  the  intrinsic  cri- 
tcrio'  are  switched  into  the  movement  control  sys¬ 
tem. 

These  distinctions  are  important  as  they  correspond 
to  two  different  types  of  tracking  situations.  In  naviga¬ 
tion,  where  the  entire  spatial  field  is  moving,  an  extrinsic 
feature  is  appropriate.  In  pursuing  a  small  target,  that 
target  is  usually  moving  differently  with  respect  to  the 
background,  so  an  intrinsic  feature  may  be  appropiiate. 

5.3.  Measuring  Egomotion 

5.3.1.  Background 

Consider  first  the  monoeula.-  imaging  situation  where 
a  sensor  is  moving  relative  to  a  static  seene.  The  coordi¬ 
nate  frame  (X,Y,Z)  is  fixed  to  the  sensor  (see  Figure 
5.4).  The  viewing  direction  is  along  the  positive  /4-axis. 

The  analysis  presented  here  assumes  a  rotating  and 
translatin’'  observer  moving  in  a  static  environment. 
However,  since  the  velocity  parameters  characterize 
motion  relative  to  the  observer’s  frame  of  reference,  tin 
analysis  pet  sc  is  not  a, Fetal  by  multiple  moving  object-;. 
The  analysis  assumes  the  velocity  representation  for  the 
motion  parameters. 

The  reference  coordinate  frame  is  fixed  to  the 
observer.  There  is  another  coordinate  frame  fixed  at  the 
point  S  on  the  body  (see  Figure  5.4).  The  point  S  has 


the  velocity  Ts  =  (US,VS,IVS).  At  the  time  of  observa¬ 
tion  the  reference  and  the  body  frame  axes  are  parallel  to 
wthrr.  The  roiaituu*!  Tck/eily  of  lire  L-ody  fe  gUm. 
by  the  vector  fi  =  (a,0, 7).  The  3D  velocity  of  a  point 
P  =  ( X,Y,Z )  on  the  body  is  given  by  the  equation 

X  =  T  +  [R](X-XS)  (5.’) 

where  Xs  =  (XS,YS,ZS)  denote  the  position  of  the  body 
origin  S,  and  A'  denotes  the  3D  vcl  city  of  P  (the  ‘dot’ 
operator  is  used  throughout  to  signify  differentiation  with 
respect  to  time);  also 

0  -"f  0 

[/f  ]  =  "i  0  -  a 

-0a  0 

Image  formation  is  modeled  by  perspective  projection 
The  projection  of  a  point  P  =(X ,Y  ,Z)  is  denoted  by 
p  =  (x,y).  The  projective  relation  is 

(/.»)- [f.f]  (5.2) 

The  constant  /  is  the  focal  length  of  the  imaging  system. 
It  is  the  distance  separating  the  nodal  point  of  the  cam¬ 
era  (or  eye)  and  the  image  plane,  moving  along  the  opti¬ 
cal  axis  (i.c.  X  axis).  In  subsequent  steps  the  constant  / 
is  assumed  to  be  unity.  The  velocity  of  image  points  in 
the  2d  image  space  is  called  optical  flow.  The  relations 
between  the  2D  and  3D  velocities  are  obtained  by 
diiierehlialing  the  equation  (5/2)  and  subbtitutn  g,  1IOI11 
equation  (5.1): 


When  the  origin  of  the  body  coordinate  frame  coincides 

with  the  reference  or  observer  coordinate  frame  then  Xs 
=  Yg  =  Zs  =  0,  and  T  =  T0  =  ( U,V.W ),  which 

si. if, it; fits  tlf  j  “equation  fui  optical  lloW  To  gi  ve 

«=— — -r— -  -  axy  +  0{x'1  +  1)-  "iy  (5.4.1) 

Zj 

v  =  — — ~~  +  y')  4-  fry  4-T  jo.4.2) 

Zj 

The  above  pair  of  equations  embodies  the  constraint  that 
Ihc  wpWrs,t  nfrw  ( r  ,v  )  in.psses  [.srai.vLr,  of 

rigid  motion.  Thus  all  an  observer  has  to  do  to  deter¬ 
mine  where  he  is  going  is  to  measure  the  retinal  velocity 
pattern  and  then  use  tne  above  pair  of  equations  applied 
at  len  t  five  points  to  determine  the  3D  velocity  of 
egomotion.  Note  that  there  are  six  velocity  components 
(i.e.  three  for  translation  and  three  for  rotation).  How¬ 
ever,  all  six  parameters  cannot  be  computed  by  monocu- 


lar  visual  data.  This  is  because  of  the  depth  term  Z  that 
occurs  in  the  above  pair  of  equations.  The  depth  intro¬ 
duces  a  scaling  effect,  whereby  other  things  being  equal, 
multiplying  the  translational  components  and  the  depth 
by  the  same  eonstant  factor  leaves  the  perceived  retinal 
motion  unchanged.  Thus  for  example  an  object  at  a  cer¬ 
tain  distance  translating  with  a  certain  speed  generates 
the  same  optieal  flow  field  when  it  is  twice  as  far  away 
and  travelling  in  the  same  direction  with  twice  the  speed. 

The  monoeular  observer,  lacking  depth  information, 
must  eliminate  the  depth  factor  from  the  optical  flow 
constraints.  This  will  then  imply  that  the  observer’s 
translation  can  only  be  determined  up  to  a  scale  factor. 
Thus  the  number  of  egomotion  parameters  of  interest  are 

fl t ^crlar.iTut,  direction  of  translation  due  tne 

rotation. 

When  the  depth  variable  is  eliminated  from  the  above 
equations  we  have 


xo  x  u  +  axy  -  /?(j2  +  1 )  +  qy 

Vo~y  v  +  q(j/2  4-  1)  /Sxy  -  72- 


where  (m0,y0)  =  [ 
translation  of  the  observer’s 


represents  the  direction  of 
coordinate  frame. 


The  above  constraint  equation  demonstrates  the 
difficulty  of  motion  computation  for  a  monocular 
observer.  It  is  nonlinear  as  well  of  high  dimensionality; 
these  two  properties  in  conjunction  make  the  problem 
difficult  (Tsai  and  Huang,  1981). 


5.3.2.  Tlit  Tracking  Advantage 

It  will  now  be  shown  tin.,  in  case  the  monocular 
observer  can  diseern  a  distinguishing  teal  lire  jt  n  r1'  „n 
the  observed  surface  then  the  perception  problem 
becomes  simpler.  Suppose  that  the  surface  in  view  has 
an  easily  distinguishable  and  localized  feature  at  point  S 
whose  corresponding  image  location  is  (xs,ys).  In  this 
case  we  can  shift  the  body  origin  to  the  point  S  and 
rewrite  the  optical  flow  equations  as  in  (5.3).  In  addition 


v{xs^s)  =  us  = 


v(xx<y.s)  =  '»x  = 


us  -  Xg  Wg 


~  y,s  iKs 


(5.6) 


Combining  equations  (5.6)  and  (5.3)  one  obtains 

us  +  ixs  ~  x )  ws  axl Is  ~  /?(!  +  xxs )  +  1’Js 

z,  +  -  - 

-axy  +/?(!  +  x2)-"iy 


"  _  vs  +  fas  ~  y )  HV  (  a(yy.s  +  1 )  -  0xs  y  7.rs 
v  ~  7,  +  z, 

(5.7.2) 

-  a(l  +  j/2)  +  ffxy  +  7 x 

\V 

where  the  prime  signifies  scaling  by  Zs,  i.e.  VF9'  =  — 


Note  that  the  translational  parameters  with  respect  to 
the  observer’s  frame  (i.e.  the  observer’s  actual  transla¬ 
tion)  are  related  to  the  body  centered  translational 
parameters  by 

U’=  Ug-0+iyg 

v'=vs+u-ixs  (5.8) 

W'=  Wg-  ays  +  0xs 

The  above  analysis  illustrates  the  fact  that  given  the  abil¬ 
ity  to  estimate  the  projected  velocity  of  a  localized 
fmiurc  accurately,  ilw  constraint  equations  , educe  tn 
dimensionality  by  one. 

A  similar  result  may  be  obtained,  as  can  be 
when  Hie  moving  observer  is  able  to  track  a 
single  feature  point  so  that  it  appears  stationary  on  the 
retina  at  position  (0,0).  In  this  case  we  assume  that  the 
tracking  motion  consists  of  rotations  about  the  axes  that 
are  orthogonal  to  the  line  of  sight  or  the  optical  axis  of 
the  lens.  The  tracking  motion  is  a  rotation  (ut,iov, 0), 
which  is  superimposed  upon  the  actual  pa  ameters  of 
motion. 


Let  S  —  (0,0, Zq)  be  the  spatial  coordinates  of  the 
point  being  tracked.  Assume  that  the  observer  can  track 
an  environmental  point  and  hold  it  steady  on  the  optical 
axis  (Z  axis).  Therefore  the  optical  flow  field  will  have  a 
singularity  at  the  origin  of  the  retinal  frame,  where  the 
flow  value  is  zero.  At  the  time  of  observation,  the 
tracked  point  tends  to  move  along  the  observer’s  optical 
axis  (Figure  5.5). 

tcTicTd-t  ai.  LLstFV"  i  moving  with  translation 
(H,F.Y)  and  rotation  (a,/?, 7).  Then,  if  the  body  frame 
oiigu,  is  taken  to  be  at  S,  from  equation  (5.8),  remember¬ 
ing  that  Us  —  Vs  =u: 

T  J 

U'  —  ~  =  -B 

V'--?-  -A  M 

Zq 

Ws  =--  w 


h  UI  thermore,  the  optical  flow  equation  (5.3)  becomes 


x  W 
Z 

yW 


Axy  +  B 

Z , 


!-■ 


Z  n 


+  Xi 


-iy 


z 


0 


1  ~  ~  +  y~ 


-A 

and  B  =  /?  +  w 


y ' 


where  A  =  a  4-  u/x 
Eliminating  Z  from  the  above  we  have 

u  +  Axy  -  B(x-+\)  +  ~iy  _  B  +  x W 


where  IF' = -1L 


v  +  A  (l  +  j/2)  -  Bxy  -721 
\V 
Z  n 


A  y\V' 


(5.10) 


+  Bxy  +  72: 


(5.11) 


I  he  constraint  equations  derived  above  are  similar  in 
form  to  equation  (5.5).  However,  in  this  case  the  dimen¬ 
sionality  of  the  parameter  space  has  been  reduced  from 
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five  to  four  without  increase  in  the  degree  of  nonlinearity 
of  the  constraint.  It  is  important  to  note  that  the 
observer  can  determine  his  direction  of  translation  since 
from  equation  (5.9)  we  have 


U'  =  JL=-B 

£  n 


Thus  even  without  explicitly  measuring  his  tracking 
motion,  the  observer  can  determine  the  scaled  translation 
W'). 


5.4.  Binocular  Tracking 

The  optical  axes  of  the  two  cameras  converge  onto  a 
point  in  the  environment  that  is  being  tracked.  The 
geometry  is  illustrated  in  Figure  5.7.  It  will  be  shown 
that  the  tracking  velocities,  which  are  assumed  to  be 
observable,  can  be  used  to  compute  egomotion  parame¬ 
ters.  We  will  also  assume  a  rectilinearly  moving  observer, 
with  negligible  instantaneous  acceleration  rates.  The 
analysis  generally  deals  with  the  left  coordinate  frame, 
with  inspect  to  width  the  Vaiious  quantities  will  be  writ¬ 
ten  as  in  the  monocular  case.  When  it  is  needed  to  refer- 

Uk*  -pJ&jdWi.#  witli  d  I  be  r+gftf  IVatiVe  these 

will  be  written  primed  (e.g.  x').  The  tracking  motion 
involves  three  independent  rotational  velocities  (w,wy, cuy'). 
Thu  ictatUi.  yj  is  about  the  IrssdiiiC  jiL  ^.f  tin  imaging 
system  (Figure  5.7).  Hence  the  tracking  motion  of  the 
left  frame  is  given  by  (w,  =-wsin 0,uy,u>z  =  tocos0).  If 
Zq  is  the  depth  of  the  tracked  point  in  the  left  frame 
then 


2d 


Z  n 


sin(0  +  0')  sin(0')  sin(0) 

Thus  we  can  write 


-  f’l  *10.  «'('■  )l 


sin(0  +  0 


Also 


F  =2d 


fl'cosfl'sin((7  +  O')  -(6  +  0')K\n0'cos(0  +  O') 
shr(&  -t-  o¥) 

which  simplifies  to 


F=2d 


(5.15) 


0'sin(?  -  0s\n0'cos{0  +  O') 
sin ~(0  -(-  O') 

Differentiating  the  above  relation  with  respect  to  time 
once  more,  we  have 

O'cosO'  ( 0  -1-  0')s\n0'cos(0  +  O') 
sir 


F  =  2  d 


sin(0  +  O' 
+  2  d 


sin2(0  +  O') 


(0  +  fl')2siri(7'  -  {Q')~s\nO' 
sin(0  +  O') 


-  Ad 


[0  +  0')0'cos0'cos{0  +  O')  (0  +  0'}-sln0'cos(0  +  O') ] 

sin2(0+  O')  sin3(0  +  O')  \ 


Simplifying  the  above  leads  to 

P _ f"  A 'sin#  -  feinfl'cos)#  +  O') 


L 

sin  2{0  +  0') 

+  2  d 

0{6  +  20')s\n0' 

sin(0  +  O') 

-2  [0  +  0')cos{0  +  0')F 

Let  the  motion  of  the  observer  be  described  by  the  trans¬ 
lational  velocity  T  =  [U,V,W)  and  rotational  velocity 
0  =  (a, /?,7).  These  parameters  are  defined  with  respect 
to  the  point  L  in  the  body,  which  also  happens  to  be  the 
origin  of  the  left  coordinate  frame.  The  tracking  motion 
of  the  system  consists  of  three  independent  rotations  with 
respect  to  the  observer.  These  three  rotations  correspond 
to  the  three  motors  in  Figure  5.1.  The  angular  velocity  ui 
corresponds  to  the  rotation  of  the  plane  PRL  about  the 
axis  LR .  The  other  two  angular  velocities  are  0  and  O', 
which  affect  the  left  and  right  coordinate  frames  respec¬ 
tively.  Let  the  sense  of  w  be  positive  in  the  direction 
from  L  to  R .  Then  the  tracking  angular  motion  of  the 
left  frame  with  respect  to  the  observer  is  given  by  w,  and 
that  of  the  right  frame  is  w/.  Note  that  we  will  the 
exprus!  ui!  the  indmn  pat  iii  a  i j'aine 

with  respect  to  basis  vectors  defined  in  that  frame. 
Therefore 

w,  =(-wsin0, 6,  uicosO) 

u>[  =  (-  wsinfl',  ()',-  ojcosO') 


If  the  rigid  motion  parameters  with  respect  to  the  right 
coordinate  frame  are  given  by  the  translational  velocity 
T'  and  the  rotational  velocity  0'  then  we  have 

T'  =  Ry(T  +  fiX  p) 

n'=Rxn 


where  X  denotes  the  vector  product  and  •  denotes  matrix 
multiplication.  In  addition,  the  rotation  matrix  Rx 
expresses  the  transformation  due  to  the  rotation  by 
X  =  (0  -i-  fl']  hc^uvins  Lh#  li  ft  6  1  riy1  L  fr?  .  i  ■  ■>  I  ■ 


Rx  = 


cosX  0  -sinX 
0  1  0 
sinX  0  cosX 


Now  from  equation  (5.9)  we  have 

F(«)=  W 


U +[0  +  wt)F{t)=*O  (5.17) 


V-(a  +  ut)F(t)  =  0 


Observe  that  the  above  equations  involve  five  unknown 
motion  parameters.  If  we  now  differentiate  these  equa¬ 
tions  wc  have 


F(t)  =  W 

U  + /3F  (t)  +  j3F  (t)  +  F  (t)  +  u>y  F  (t)  =  0  (5.18) 
V  -aF{t)-aF{t)-uxF{t)-uxF[t)=  0 
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v  *  , 

wy 


Although  here  we  eonsider  a  reetilinearly  moving 
observer,  the  translational  velocity  (U,V,W)  undergoes 
ehange  due  to  re  rotation  of  the  frame  in  which  the 
observations  arc  .,iade.  Thus  we  obtain 

U  =  {0+uJ)W-{'1  +  ojz)V 

V  =  (a  +  uix  )  W  +  (7  +  (jjz )  U 

W  =  (a  +  ojx)V-(P  +  ojy)U 

Similarly  the  rotational  velocity  (a,/?,-/),  undergoes 
ehange  due  to  the  tracking  motion,  as  follows: 

a  =  uiy')-iJjz0 

0  =  -  ux  7  +  Wj  a 

7  =  0 

Introducing  the  parameters  A  =  a  +  uix,  B  =  ft+(jJy  and 
C  =  7  +  <W,  substituting  for  U,  V,  W ,  a  and  0  from  the 

above  relations,  and  replacing  U  and  V  from  (5.17),  we 
have,  from  the  last  two  equations  in  (5.18) 

c  2BF(t)  +  AuxF(t)+ujyF(t) 

{A  +  w,  )F(t ) 

and 

c  2AF(t)-Buj,F{t)  +  wIF(t) 

+  Vy)F{t) 

Finally  eliminating  C  from  the  above  pair  of  equations 
and  using  the  remaining  equation  of  (5.18)  wc  obtain  the 
pair  of  independent  equations 


<f>2A  +  <t>zD  +  4  =  0  (5.19.2) 

where 

<t>2  =  2wxF(t)F(t)  +  uJxF2(t)  +  oJyuJxF2(t) 

0,,  =  (ujz  u>x  +  wyioy)F2(t)+2F(t)F(l) 

Fhini  filial*  r  (A  Ht)  iw  dtH  An  U,^  *.<»  <T  fc4Ht'tbiw 
the  motion  parameters.  Eliminating  the  parameter  B  wc 
have 

aA  2  +  bA  +  c  =  u  (5.21)) 

where  a  =  <j>2  +  <j>2,  b  =  2 44  and  c  =  <p  2  -  tj>1  <j>2. 

To  summarize,  the  solution  method  consists  of  obtaining 
the  solutions  to  the  pair  of  equations  (5.19.1)  and  (5.19.2). 
Since  closed  form  solutions  are  obtained  at  every  time 
mAaiit  and  assuming  the  LeTnpntathJTr  errors  to  be  uni¬ 
formly  random,  we  perform  unoothing  on  the  time  series 
of  the  computed  parameters,  to  eliminate  a  large  portion 
of  the  error. 

The  important  aspects  of  this  method  of  computa¬ 
tion  of  the  .itotios,  parameters  are  as  follows: 

(a)  The  solution  is  in  closed  form,  requiring  no  iteration 
or  search. 


(b)  The  constraints  are  derived  from  the  observed  track¬ 
ing  velocities  and  rotations.  Wc  do  not  need  the 
optical  flow  measurements. 

(c)  Here  the  observables  are,  (0,  O',  0,  O',  0,  O').  These  can 
be  measured  quite  aeeurately  by  analog  measure¬ 
ment  apparatus.  This  possibility  forms  a  strong 
motivation  for  the  tracking  approach. 

(d)  The  optieal  flow  Held  in  our  motion  perception 
seheinc  is  only  used  to  disambiguate  between  the 
possible  interpretations  computed  by  the  tracking 
module.  This  is  always  possible  since  under 
extended  periods  of  observation  the  optieal  flow  field 
generated  is  compatible  with  one  and  only  one 
interpretation  (Bandyopadhyay  1986). 

Simulation  experiments  based  on  the  above  analysis 
show  the  approach  to  be  robust  against  noise.  The  results 
are  illustrated  in  Figure  5.9,  where  one  of  the  rotational 
parameters  is  plotted  against  time.  The  values  plotted 
are  those  obtained  after  applying  a  temporal  smoothing 
filter  to  the  solntion  of  equation  (5.20).  These  parameter 
values  arc  suitable  for  use  as  an  initial  estimator  in  a 
cooperative  optieal  flow  and  structure  computation  algo¬ 
rithm.  Basically,  the  optic  (low  and  structure  computa¬ 
tion  are  strongly  interdependent.  An  independent  compu¬ 
tational  mechanism  for  motion  parameter  estimation  ean 
guide  the  motion  correspondence  process  and  enable  the 
computation  of  structure.  Namely,  in  our  method,  motion 
parameters  are  computed  without  using  optical  flow,  and 
then  these  parameters  along  with  the  intensity  profile 
enable  us  to  uniquely  eompute  optie  flow  which  in  an 
unrestricted  ease  is  essential  for  the  computation  of  struc¬ 
ture. 

6.  CONCLUSIONS  AND  FUTURE  RESEARCH 

We  have  proposed  a  new  paradigm  for  visual  percep¬ 
tion  called  aetive  vision.  The  idea  of  using  active  vision 
to  address  the  structure  from  motion  problem  was  intro- 
th-cttl  by  Bandy  op atibyay  (luwt).  i  We  Vie  baVt 
addressed  several  other  problems  such  as  shape  from 
shading,  texture,  contour  and  depth  computation.  Our 

mct.liwdoivjgy  h  a.?  doiiionsti  att  J  4  showing  1X0  apphealjil- 

ity  in  these  important  areas  of  low  and  intermediate  level 
vision.  It  was  shown  that  the  controlled  alteration  of 

vfewiivg  parameicro  ykdtfo  tA&Mc  and  robwA  aAgoTMi'ms 

for  shape  and  motion  perception. 

The  basis  for  the  approach  lies  in  being  able  to  work 
in  a  rich  stimulus  domain  with  a  partially  known 

parametrization.  This  knowledge  is  due  to  the  fact  that 

the  viewing  '  l-utsJ'oInlUUAfM  EP  ltlk.wri»  tfliHUu  g 

parameters  are  continuously  varied,  the  observed  visual 
stimuli  undergo  local  transformations  that  arc  measurable 
and  provide  powerful  constraints  for  the  computation  of 
the  unknown  scene  parameters.  Wc  arc,  of  course, 
interested  in  the  rates  of  these  stimulus  ehanges,  whieh 
have  traditionally  been  thought  to  be  difficult  to  measure. 
However,  it  should  be  pointed  out  that  in  the  present 
scheme  we  do  not  work  with  a  small  set  of  discrete  obser- 


1L.M 
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vations,  but  with  trajectories  in  the  stimulus  space, 
termed  flow  lines.  These  trajectories  are  smooth,  since 
the  viewing  transformations  we  use  are  themselves 
smooth,  and  therefore  can  be  computed  accurately 
enough  for  our  purposes.  Thus  we  do  not  need  to  rely  on 
the  smoothness  of  properties  of  the  observed  scene,  such 
as  illumination  and  depth.  The  real  power  of  the  method 
is  due  to  the  avoidance  of  complications  usually  associ¬ 
ated  with  multiview  approaches  to  visual  perception.  For 
instance,  the  problem  of  correspondence  of  microfeatures 
is  not  involved  in  the  current  approach. 

The  treatment  in  this  paper  has  been  largely  theoret¬ 
ical,  because  we  want  to  create  a  sound  framework  for 
what  we  believe  is  a  promising  methodology  for  computer 
vision.  We  plan  to  verify  the  analysis  with  experiments 
on  synthetic  and  natural  images.  Research  going  on 
currently  at  the  University  of  Rochester  (Brown,  1986) 
and  at  SUNY  Stony  Brook  (Bandyopadhyay,  1987)  aims 
toward  developing  an  aetive  vision  system  that  will  be 
able  to  track  objeets  in  real  time.  On  the  other  hand,  we 
plan  to  continue  our  theoretical  analysis  of  active  visual 
computations,  before  we  build  a  system  with  possibly  spe¬ 
cial  hardware  that  will  carry  out  active  visual  computa¬ 
tions.  The  initial  developments  of  the  theory  of  active 
vision  have  been  outlined,  lhere  are  many  important 
issues  that  need  to  be  explored  in  this  context.  For 
instance,  we  have  not  looked  at  the  question  of  whether 
there  is  any  viewing  parameter  trajectory  that  is  prefer¬ 
able  to  other  trajectories  in  tackling  the  computational 
task.  This  could  be  termed  exploratory  visual  computa¬ 
tion,  where  the  knowledge  about  scene  constraints  avail¬ 
able  at  any  stage  of  the  visual  process  determines  the 
way  hi  which  c.nuJ  parameters  ,wiH  Lr  altcreJ.  Also, 
a  theoretical  error  analysis  of  the  proposed  algorithms  has 
to  i  e  done,  taking  in*n  am  unt  discivU? 'alien  efforts  and 

noise  in  images.  Finally,  the  problem  of  learning  the 
viewing  parameter  trajectory  that  is  the  best  (in  compu- 
t&duiiai  t  'fiuS )  With  respect  to  a  pm  In.  dial  problem, 
using  a  neural  (eonnectionist)  network,  has  to  be 
addressed.  Examination  of  such  issues  forms  an  impor¬ 
tant  luture  research  goal. 
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APPENDIX  1 

Theorem: 

Let  a  coordinate  system  OXYZ  be  fixed  with  respect 
to  the  left  camera,  with  the  Z  axis  pointing  along  the 
optical  axis.  We  assume  that  the  image  plane  Im.  is 
perpendicular  to  the  Z  axis  at  the  point  (0,0,1)  and  that 
O  is  the  nodal  point  of  the  left  camera.  Let  the  nodal 
point  of  the  right  camera  be  the  point  ( R  ,L  ,0 )  and  let 
its  image  plane  be  identical  to  the  previous  one,  i.e. 
Im,  =  Im2.  Consider  a  polygon  P  on  the  world  plane 
Z  =  pX  +  qY  +  c,  defined  by  the  points  (A'j ,  Y,  ,Z; ), 


Proof: 

The  proof  is  given  in  several  parts. 

Let  [A  ,,£))  and  ( A.,,B2 )  the  eenters  of  mass  of  the  pro¬ 
jections  of  the  contour  P  on  the  left  and  right  image 
planes  respectively  (it  has  to  be  noted  that  (A  UB  ^  and 
[A,„ Bo)  are  the  centers  of  mass  of  the  actual  left  and 
right  images  as  opposed  to  the  projections  of  the  eenter 
of  mass  of  /'  onto  the  left  and  right  image  planes).  Then 
we  have 

So  \  —  A  oP  B oQ 

5,  \-A  ,p  ~B\<i 

The  above  equation  is  equation  (6.17),  which  we  will 
prove  to  be  exaet  under  perspective  projection. 

Now 


A, 

Zi 


and  A  o  =  —  T) 
n 


B  i  = 


21 

Z< 


Xj-n 

Zi 


Yj-L 

z,- 


Substituting  in  (l)  we  get  after  some  tedious  manipula¬ 
tions 


S2  =  j  +  pH  +  <7 1- 


S 


On  the  other  hand,  we  can  easily  prove  that 


(2) 


5  2 
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with 


A/  =  E 


A’,  F,,i  E  +  i  Yi 


Z,  Z, 
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We  can  also  easily  prove  that 
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From  equations  (2),  (3),  (4),  (5)  and  (6)  the  proof  of 
the  theorem  is  immediate. 
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APPENDIX  2 

Theorem: 

With  the  nomenclature  of  the  previous  theorem 
(Appendix  1)  and  assuming  only  horizontal  displacement 
of  the  cameras,  if  SL,  SR  denote  the  areas  of  the  left  and 
right  images,  and  the  world  plane  from  which  the  image 
contour  is  obtained  is  Z  =  pX  +  qY  +  c  ,  then 

Sl  1 
SR  1  +  AP 

c 

( dx  =  displacement  between  camera  1  and  camera  2). 

Proof: 

Sc-jlE^iA, -£*,»/■)  rAroa  of  » 

Sr  =  \  ( E  ‘f  V,"  -  E  , 1!'\  L polyeon  - 

where  (xL,yL),  (xR,yR)  are  the  coordinates  in  the  left 
and  right  image  planes,  respectively. 

Now  yit  =  yf  (i) 

R  }{xt-dx)  f(l 

and  x;  - - -  —  XU  1  ax  on 

'  Z  '  7  l11) 


\{Y,*tvhx-Y,xhx  vt) 

yfi) 


E  E  Ax  jh  -  Up  A)  vA  -  Up  Ax  )  vi 

f  1 


Zi  =  P  A  +  q  yt  +  c 

.  C  A  ,  vt 
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^~z~~Ip~  <!~z~:=I  p  xt-i  A 
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Uvi'U  i>  *  /+ 1  q  vt+ 1 )  -  S  vt+  i  (/  -  p  %t  -  ?  vi 
= /( E vt  -  Esdi)  +  ( E (p  A)  vhi  -E (p  *hi )  2/4 ) 

.  ,  ,  Since,  y  .  =  y 

~b '/( E  vt  2//+1  E  2//+ 1 2/,")  .  . 

'  by  notation 


=  E(/'  -f/J)  2/A  i  -E(p  l )  vt 

Thus  we  have  proved  the  theorem. 
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rhus  we  need  to  show 
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figure  5.1  The  Tracking  Mechanism 
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The  tracking  system  must  use  velocities  that  stem  from 
the  object  being  tracked  and  ignore  background  veloci¬ 
ties.  (a)  Shows  an  initial  situation  where  a  target  is  mov¬ 
ing  on  the  retina,  (b)  Once  the  tracking  system  is 
engaged,  the  target  is  moving  with  a  relative  velocity 
near  zero  but  the  background  has  a  large  signal. 


Figure  5.2  Target  Identification 


Figure  50  Imaging  Geometry  and  Motion  Representation 
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The  global  velocity  space  registers  the  number  of  flow 
vectors  with  certain  values.  Channels,  shown  in  the 
figure  as  concentric  annular  regions,  allow  ranges  of  velo¬ 
cities  to  be  selectively  ignored,  (a)  Initially  the  low  velo¬ 
city  channel  is  off  (shaded)  allowing  the  system  to  selec¬ 
tively  register  a  moving  target  (•)  and  ignore  background 
variations  (o).  (b)  Once  the  tracking  mechanism  is 

activated  the  high  velocity  channels  are  blocked  and 
again  the  target  velocities  are  passed,  ignoring  the  back¬ 
ground  signals. 
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Velocity  in  depth  of  Sis 
y=  (u,  o,  w) 


rigure  5.3  Concept  of  the  Velocity  Channel 


Figure  5.5  Monocular  Tracking 
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ABSTRACT 

This  paper  describes  an  appror ch  which  intelligently  integrates 
several  conflicting  and  corrob',.  ,Kiiig  shape-from-texture  methods  in 
a  single  system.  The  system  u.,.  a  new  data  structure,  augmented 
texels,  which  combiner,  multiple  constraints  on  orientation  in  a 
compact  notation  for  a  single  surface  patch.  The  augmented  texels 
initially  store  weighted  orientatior.  constraints  that  are  generated  by 
the  system’s  severs;!  independent  shape-from-texture  components. 
These  texture  cemponents,  which  run  autonomously  and  may  ru.  in 
parallel,  denv;  cuns'mints  by  any  of  the  currently  existing  shape- 
from-textuie  ajipstJCvii.-*  e.g.  shape -from -uni  form -texel -spacing. 
For  each  surface  ccich  the  augmented  texel  then  combines  the 
potentially  incon.dsivm  orientation  data,  using  a  hough  transform- 
like  method  on  a  tesselated  gaussian  spheres,  resulting  in  an  estimate 
of  the  most  likely  orientation  for  the  patch.  The  system  then  defines 
which  patches  are  part  of  the  same  surface,  simplifing  surface 
reconstruction. 

This  knowledge  fusion  approach  is  illustrated  by  a  system  that 
integrates  in,V>roKiUosi  from  two  different  shape-from-texture 
meihuds,  shape-f;ota -uniform  tcxel-spacing  and  shape-from- 
unifornr-texel-size.  The  system  is  demonstrated  on  camera  images 
of  artificial  and  natural  textures. 


1  INTRODUCTION 

This  paper  proposes  a  new  spptcwch  to  the  problem  of 
defining  and  reconstructing  surfaces  based  multiple  independent 
textual  cues.  The  generality  of  this  approach  is  due  to  the  interaction 
between  textural  cues,  allowing  the  methodolo  to  extract  shape 
information  from  a  wider  range  of  textured  than  an"; 

individual  method.  The  method,  as  shown  in  fij.'ur-.  1,  consists,  of 
three  major  phases,  the  calculation  of  orientation  vOnstrjiras  j..o  die 
generation  of  texel  patches 2,  the  consolidation  of  cor» ’.saints  into  a 
"most  likely"  orientation  per  patch,  and  finally  the  reconstruction  of 
the  surface. 

During  die  first  phase  the  different  shape-fron?  texture 


'This  research  was  supported  in  part  by  ARPA  grant  #.N00039-84-C-01G5,  T  a 
NSF  Presidential  Young  Investigator  Award,  and  by  Faculty  Development  Awards 
from  AT&T,  Ford  Motor  Co.,  and  Digital  Equipment  Corporation. 

2A  texel  patch  is  a  2-D  description  of  a  subimage  that  contains  one  or  more 
textural  elements.  The  number  of  elements  that  compose  a  patch  is  dependent  on  the 
shape-from-texture  algoriUim. 


components  generate  texel  patches  and  augmented  texels.  Each 
augmented  texel  consists  of  the  2-D  description  of  the  texel  patch 
and  a  list  of  weighted  orientation  constraints  for  the  patch.  The 
orientation  constraints  for  each  patch  are  potentially  inconsistent  or 
incorrect  because  the  shape-from  methods  are  locally  based  and 
utilize  an  unsegmented,  noisy  image. 


Figure  I:  Integrating  multiple  shape-from  methods 

Idi  die  second  phase,  all  the  orientation  constraints  for  each 
augmented  texel  are  consolidated  into  a  single  "most  likely" 
irientanf-i  by  a  Hough-like  transformation  on  a  tesselated  Gaussian 
Sctif-'i  L'  ’  .it,  this  phase  the  system  will  also  merge  together  all 
a:  .cited  'cxels  that  cover  the  same  area  of  the  image.  This  is 

raw.. ..s-ity  because  some  of  the  shape-from  components  define 
"tesel"  similarly,  and  the  constraints  generated  should  also  be 
merged. 

Finally,  the  system  re-analyzes  the  orientation  constraints  to 
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determine  which  augmented  texels  are  part  of  the  same  constraint 
family  and  groups  them  together.  In  effect,  this  segments  the  image 
into  regions  of  similar  orientation.  The  surface  can  then  be 
reconstructed  from  these  surface  patches. 

The  robustness  of  this  approach  is  illustrated  by  a  system  that 
fuses  the  orientation  constraints  of  two  existing  shape-from  methods: 
shape-from-uniform-texel-spacing  [Moerdler  and  Kender  85],  and 
shape-from-uniform-texel-size  [Ohta  et.  al.  81].  These  two  methods 
generate  orientation  constraints  for  different  overlapping  classes  of 
textures. 


2  HISTORICAL  BACKGROUND 

Current  methods  to  derive  shape-from-texture  are  based  on 
measuring  a  distortion3  that  occurs  when  a  textured  surface  is  viewed 
under  perspective.  This  perspective  distortion  is  imaged  as  a  change 
in  some  aspect  of  the  texture.  In  order  to  simplify  the  recovery  of  the 
orientation  parameters  from  this  distortion,  researchers  have  imposed 
limitations  on  the  applicable  class  of  textured  surfaces.  Some  of  the 
limiting  assumpdons  include  uniform  texel  spacing  [Kender  80; 
Kender  83;  Moerdler  and  Kender  85],  uniform  texel  size  [Ikeuchi  80; 
ohta  ct.  al.  ol,  Atuinioiios  and  Swain  85],  uniform  texel  density 
[Aloimonos  86),  and  texel  isotropy  [Witkin  80;  Davis,  Janos  and 
Dunn  83;  Dunn  84].  Each  of  these  are  strong  limitadons  causing 
methods  based  on  them  to  be  appliable  to  only  a  limited  range  of  real 
images. 


3  DESIGN  METHODOLOGY 

The  generation  of  orientation  constraints  from  perspective 
distortion  uses  one  or  more  image  texels.  The  orientation  constraints 
can  be  considered  as  local,  defining  the  orientation  of  individual 
surface  patches  (called  texel  patches 4)  each  of  which  covers  a  texel 
or  group  of  texels.  This  definition  allows  a  simple  extension  to  the 
existing  shape-from  methods  beyond  their  current  limitation  of 
planer  surfaces  or  simple  non  planer  surfaces  based  on  a  single 
textural  cue.  The  problem  can  then  be  considered  as  one  of 
intelligently  fusing  the  orientation  constraints  per  patch.  Ikeuchi 
[Ikeuchi  80]  and  Aloimonos  [Aloimonos  and  Swain  85]  attempt  a 
similar  extension  based  on  constraint  propagation  and  relaxation  for 
planer  and  non  planer  surfaces  for  using  only  a  single  shape-from- 
texture  method. 

The  process  of  fusing  orientation  constraints  and  generating 
surfaces  can  be  broken  down  into  the  following  three  phases: 

1. The  creation  of  texel  patches  and  multiple  orientation 
constraints  for  each  patch, 

2.  The  unification  of  the  orientation  constraints  per  patch 
into  a  "most  likely"  orientation. 

3.  The  formation  of  surfaces  from  the  texel  patches. 

bach  of  the  remaining  subsections  of  this  chapter  describes  one  of 
these  phases. 


3Undcr  the  assumption  that  natural  texture  docs  not  mimic  projective  effects  nor 
docs  it  cancel  those  effects  out. 


4Tcxel  patches  arc  defined  by  how  each  method  utilizes  the  texels.  Some  methods 
(e.g.  Uniform  texel  size)  use  a  measured  change  between  two  texels;  in  this  case  the 
texels  patches  arc  the  texels  themselves.  Other  methods  (e.g.  Uniform  texel 
density)  use  a  change  between  two  areas  of  the  image  ,  in  this  case  the  texel  patches 
are  these  predefined  areas 


3.1  SURFACE  PATCH  AND  ORIENTATION 
CONSTRAINT  GENERATION 

The  first  phase  of  the  system  consists  of  multiple  shape-from- 
texture  components  which  generate  augmented  texels.  Each 
augmented  texel  consisting  of  a  texel  patch,  orientation  constraints 
for  the  texel  patch,  arid  an  assurity  weighting  per  constraint.  The 
orientation  constraints  are  stored  in  the  augmented  texel  as  vanishing 
points  which  are  mathematically  equivalent  to  a  class  of  other 
orientation  notations  (e.g.  Tilt  and  Pan  constraints)  [Shafer,  Kanade 
and  Kender  83],  Moreover,  they  are  simple  to  generate  and  compact 
to  store. 

The  assurity  weighting  is  defined  separately  for  each  shape- 
from  method  and  is  based  upon  the  intrinsic  error  of  the  method.  For 
example,  shape-from-uniform-texel-spacing’s  assurity  weighting  is  a 
function  of  the  total  distance  between  the  texel  patches  used  to 
generate  that  constraint.  A  low  assurity  value  is  given  when  the 
inter-texel  distance  is  small  (~3  pixels)  because  under  these 
conditions  a  small  digitization  error  causes  a  large  orien'ation  error. 
As  the  inter-texel  distance  increases  the  assurity  value  also  increases. 
At  a  heuristic  threshold,  it  starts  to  decrease  again  based  on  the  fact 
that  once  the  inter  texel  distance  grows  too  large  the  local  surface  is 
no  longer  approximated  by  a  plane  and  the  orientation  error  grows. 


3.2  MOST  LIKELY  ORIENTATION  GENERATION 

Once  the  orientation  constraints  have  been  generated  for  each 
augmented  texel,  the  next  step  consists  of  unifying  the  constraints 
into  one  orientation  per  augmented  texel.  The  major  difficulty  in 
deriving  this  "most  likely"  orientation  is  that  the  constraints  are 

wtunul,  lilU.iii>ia(vm,  and  puu-iinaliy  iucoiiCv.1.  A  siiupit,  unu 

computationally  feasible,  solution  to  this  is  to  use  a  Gaussian  Sphere 
which  maps  the  orientation  constraints  to  points  on  the  sphere 
[Shafer,  Kanade  and  Kender  83],  A  single  vanishing  point 

circumscribes  a  great  circle  on  the  Gaussian  Sphere;  two  different 
constraints  generate  two  great  circles  that  overlap  at  two  points 
uniquely  defining  the  orientation  of  both  the  visible  and  invisible 
sides  of  the  surface  patch. 

The  Gaussu  n  sphere  is  approximated,  within  the  system,  by 
the  hierarchical  by  tesselated  Gaussian  Sphere  based  on  trixels 
(triangular  shaped  faces.  See  figure  2)  [Ballard  and  Brown  82; 
Fekete  and  Davis  84;  Korn  and  Dyer  86],  The  top  level  of  the 
hierarchy  is  the  icosahedron.  At  each  level,  other  than  the  lowest 
level  of  the  hierarchy,  each  trixel  has  four  children.  This  hierarchical 
methodology  allows  the  user  to  specify  the  accuracy  to  which  the 
orientation  can  be  calculated  by  defining  the  number  of  levels  of 
tesselation  that  are  created. 

The  system  generates  the  "most  likely"  orientation  for  each 
texel  patch  by  accumulating  evidence  for  all  the  constraints  for  the 
patch.  For  each  constraint,  it  recursively  visits  each  trixel  to  check  if 
the  constraint’s  great  circle  falls  on  the  trixel,  and  then  visiting  -ip 
children  if  the  result  is  positive.  At  each  leaf  trixel  d  .:  id.  lihoud 
value  of  the  trixel  is  incremented  by  fie  cons' "rim's  ••  eight.  The 
hierarchical  nature  of  this  approach  limits  the  jiirmv  or  triads  that 
need  to  be  visited. 

Once  all  of  the  constraints  ,\,r  a  tod  paten  have 
considered,  a  peak  finding  prrgram  A  il:..;hh&;/i  ,  at 

the  leaves.  Currently,  this  is  ooi.e  henrisis.-x.iy.  he  sneei-c  . :  jl 

each  leaf  is  equal  to  1/2  the  cahu  ol  it;.  aeighbo',-.  pcs  14  tnc  value 
of  all  its  neighbor’s  neighbors  that  ire  vv  <»  .icighbo  of  leaf.  This  is 
a  rough  approximation  to  a  -ssian  Mur  The  "  nost  :  alv 
orientation  is  defined  to  the  in/./;  vv  ,v>  .he  lai’c-./  smeared  v..: 
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Figure  2:  The  Trixelated  Gaussian  Sphere 


3.3  SURFACE  GENERATION 

The  final  phase  of  the  system  generates  surfaces  from  the 
individual  augmented  texels.  This  is  done  by  re-analyzing  the 
orientation  constraints  generated  by  the  shape-from  methods  in  order 
to  determine  which  augmented  texels  are  part  of  the  same  surface.  In 
doing  this  the  surface  generation  is  also  performing  a  first 
approximation  of  surface  separation  and  segmentation. 

The  re-analysis  consists  of  iterating  through  each  Augmented 
Texel,  considering  all  its  orientation  constraints  and  determining 
which  constraints  aided  in  defining  the  "correct"  orientation  for  the 
texel  patch  as  described  in  phase  two.  If  an  orientation  constraint 
correctly  determined  the  orientation  of  all  the  texels  that  were  used  in 
generating  the  constraint  then  these  augmented  texels  are  considered 
as  part  of  the  same  surface. 

Once  it  is  determined  which  augmented  texels  are  part  of  the 
same  surface,  the  surfaces  are  generated  by  a  simple  planer  surface 
generation  algorithm.  The  surfaces  are  defined  as  the  best  fit 
approximation  that  contains  all  the  related  texel  patches.  This 
approach  allows  both  the  generation  and  the  separation  of  surfaces 
that  are  connected  or  overlapping. 


4  TEST  DOMAIN 

The  knowledge  fusion  approach  outlined  in  the  previous 
section  has  been  applied  to  a  test  system  that  contains  two  shape- 
from-texture  methods,  shape-from-uniform-texel-spacing  [Moerdler 
and  Render  85],  and  shape-from-uniform-texel-size  [Ohta  et.  al.  81]. 
Each  of  the  methods  is  based  on  la  different,  limited  type  of  textures 
to  which  they  are  applicable.  Shape-form-unifont.-texel-spacing 
,'lerives  orientation  constraints  based  on  the  assumption  that  the 
t.xels  on  the  surface  are  of  arbitrary  shape  but  are  equally  spaced, 
while  shape-from-uniform-texel-size  is  based  on  the  unrelated 
criteria  that  the  spacing  between  texels  can  be  irbitrary  but  the  size 
if  all  of  the  texels  are  equivalent  but  unknown. 

In  shape-from-uniform-texel-size  if  the  distance  from  the 
u  tits’  of  mass  of  texel  Tj  to  texel  T2  (see  figure  3)  is  defined  as  D 
'lien  the  distance  from  the  center  of  texel  T2  to  a  point  on  the 
vanishing  line  can  be  rewritten  as  : 


with  SizeS1 


Figure  3:  The  calculation  of  shape-from-uniform-texel-size 

In  shape-from-uniform-texel-spacing  the  calculations  are 
similar.  Given  any  two  texels  Tj  and  T2  (see  figure  4)  whose 
relative  positions  are  Pj  and  P2,  if  the  distance  from  Tj  to  the  mid- 
texel  Tj  is  equal  to  L  and  the  distance  from  T2  to  the  same  mid-texel 
T3  is  equal  to  R,  the  vanishing  point  distance  X  is  given  by  : 


X=[LxP]  -  RxP2 ]  /  [L-/?] 


Figure  4:  A  geometrical  representation  of  back-projecting. 

Under  certain  conditions  either  method  may  generate  incorrect 
constraints  which  are  ignored.  On  textures  that  are  solvable  by  both 
methods  the  methods  cooperate  and  correctly  define  the  textured 
surface  or  surfaces  in  the  image.  Some  images  are  not  solvable  by 
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either  method  by  itself  but  can  only  be  correctly  segmented  and  the 
surfaces  defined  by  the  interaction  of  the  cues  (i.e.  the  upper  right 
texel  of  figure  15  ). 


5  THE  EFFECTS  OF  NOISE 

The  real,  camera  generated,  images  contains  noise  and 
shadows  which  are  effectly  ignored  by  the  system  in  many  cases. 
The  system  treats  shadows  as  potential  surface  texels  (see  texels  9 
and  13  in  figure  5)  and  uses  them  to  compute  orientation  constraints. 
Since  many  texels  are  used  in  generating  the  orientation  for  each 
individual  texel  the  effect  of  shadow  texels  is  minimized5. 

Noise  can  occur  in  many  ways:  it  can  create  texels,  and  it  can 
change  the  shape,  size,  or  position  of  texels.  If  noise  texels  are 
sufficiently  small  then  they  are  ignored  in  the  texel  finding 
components  of  the  shape-from  methods.  When  they  are  large,  they 
are  treated  in  much  the  same  way  as  shadow  texels  and  thus  often  do 
not  effect  the  orientation  of  the  surface  texel  patches.  Since  many 
texels  are  used  and  more  than  one  shape-from  method  is  employed, 
noise-created  changes  in  the  shape  of  texels  can  perturb  the 
orientation  results,  but  the  effect  appears  negligible  as  shown  in  the 
experimental  results. 

6  EXPERIMENTAL  RESULTS 

The  system  has  been  tested  over  a  range  of  both  synthetic  and 
natum!  wxruifcJ  ay  'atwt,  K.J  appuths  t  sirew  fotrtBtiESS  <i.-J 
generality.  Three  examples  are  given  on  real,  noisy  images  that 
demonstrate  the  cooperation  among  the  shape-from  methods. 

The  first  image,  figure  5,  shows  a  real  image  of  a  man-made 
texture  consisting  of  equally  spaced,  equally  sized  circles.  The 
system  finds  fifteen  texels:  the  twelve  texels  on  the  surface,  plus 
thrte  liui&t  t&XelS  located  hi  the  hachgiouiid.  It  is  able  to  genetaie  ihe 
correct  q  value  for  each  of  the  twelve  surface  texels  and  a  p  value 
that  is  off  by  2  degrees  (see  figure  7  for  the  positioas  of  the  texels 
and  figure  9  for  the  individual  p  and  q  values.)  In  figure  8  the 
orientations  of  the  texel  patches  are  displayed  as  needle-like  surface 
normal  vectors. 

The  system  is  also  also  able  to  segmented  the  image  into 
surfaces,  one  of  which  contains  only  the  twelve  correct  surface 
texels.  The  noise  generated  texels  are  each  individually  marked  as 
part  of  separate  surfaces. 

The  second  example  consists  of  a  surface  textured  with  twelve 
uniformly  sized  coins  (see  figure  10).  The  system  in  this  case 
generates  p  and  q  values  that  are  approximately  correct  (two  degrees 
for  the  p  and  exactly  correct  for  the  q.  See  figure  13)  for  ten  of  the 
twelve  texel  patches.  The  other  two  texels  have  a  greater  error  (five 
degrees  for  die  p  and  correct  for  the  q)  due  to  digitization  errors  (see 
figure  14).  The  constraints  generated  by  the  shape-from-uniform- 
texel-spacing  algorithm  are  ignored. 

The  final  example  is  an  image  of  a  box  of  breakfast  buns  in 
which  one  bun  is  missing  (see  figure  15).  Eleven  texels  are  found, 
eight  of  which  are  patches  of  filling  on  the  surface  of  buns;  two  are 
noisv  data  on  the  hums-  and  one  is  pirn  of  dip  j»rlr.  lufl  Tk  WHfli 
are  only  approximately  evenly  spaced  and  approximately  evenly 


sEvcn  under  the  conditions  where  many  shadow  texels  arc  found  they  do  not 
effect  the  computed  orientation  of  surface  texels  so  long  as  the  placement  of  the 
shadow  texels  docs  not  mimic  perspective  distortion. 


Figtiri*  5;  , Surface  b«*uiru.’  with  eve-  ly  spaced  v  vcr.ly  xurod  circle* 
sized. 

The  system  is  able  to  generate  approximately  correct  surface 
(see  figure  16)  normals  for  all  but  one.of  the  texels  on  the  breakfast 
ouns  ana  an  approximate  orientation  tor  the  outside  ot  the  package. 
The  upper  left  hand  texel  contains  two  equally  weighted  orientations. 
Without  the  shape-from-uniform-texel-spacing  method  the  correct 
orientation  would  not  have  been  generated  for  this  patch. 


Figure  6:  The  texels  found  for  die  evenly  spaced  circles  texture 


7  CONCLUSION  AND  FUTURE  RESEARCH 

Iff  a  system  ha*  hcr.i  ptopustil  diirc  rail  fti^  ihe 

results  of  a  number  of  shape-from-texture  mediodologies  to  generate 
surface  segments  and  their  orientations.  The  system  has  been  tested 
using  two  existing  shape-from  methods,  shape-from-uniform-texel- 
spacing  and  shape-from-uniform-texcl-size  and  has  shown  the  ability 
to  recover  the  surfaces  and  their  orientation  under  noisy  conditions. 


i 


The  robustness  of  the  system  has  been  exercised  using  images 
that  contain  multiple  surfaces,  by  surfaces  that  are  solvable  by  either 
method  alone,  and  finally  by  surfaces  that  are  solvable  by  using  only 
both  methods  together. 


Future  enhancements  to  the  system  would  include  the  addition 
of  other  shape-from-texture  modules,  the  investigation  of  other 
means  of  fusing  information  (such  as  object  model  approaches),  and 
optimization  of  the  method,  especially  in  a  parallel  processing 
environment. 


Figure  7:  The  numbering  of  texels  for  the  circles  texture 


Figure  10:  An  image  of  a  surface  covered  with  coins 


F  igure  8:  Surface  normals  for  the  surface  textured  with  circles 


Texel  Number;  Measured  p  &  q  Actual  p  &  qj  %  error 


Shadow  Texel 


Shadow  Texel 


Figure  11:  The  coins  found  in  the  image 


Figure  9:  Orientation  values  for  the  surface  textured  with  circles 
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DRIVE  -  Dynamic  Reasoning  from  Integrated  Visual  Evidence 


Bir  Bhanu  and  Wilhelm  Burger 
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3660  Technology  Drive,  Minneapolis,  MN  55418 


ABSTRACT 

The  vision  system  of  an  Autonomous  Land  Vehicle  is 
required  to  handle  complex  dynamic  scenes.  Vehicle  motion 
and  individually  moving  objects  in  the  field  of  view  contri¬ 
bute  to  a  continuously  changing  camera  image.  The  goal  of 
"motion  understanding"  is  to  find  consistent  three- 
dimensional  interpretations  for  those  changes  in  the  image 
sequence.  The  estimation  of  vehicle  motion,  the  detection  of 
moving  objects  in  the  scene  and  the  description  of  their 
movements  are  the  key  issues.  We  present  a  new  approach 
to  this  problem,  which  departs  from  previous  work  by 
emphasizing  a  qualitative  line  of  reasoning  and  modeling, 
where  multiple  inter^  tations  of  the  scene  are  pursued 
simultaneously.  Different  sources  of  visual  information  are 
integrated  in  a  rule-based  framework  to  construct  and  main¬ 
tain  a  vehicle-centered  three-dimensional  model  of  the  scene. 
It  is  shown  that  this  approach  offers  significant  advantages 
over  "hard"  numerical  techniques  which  have  been  proposed 
in  the  motion  understanding  literature. 


1.  INTRODUCTION 

Visual  information  from  the  environment  is  an 
indispensable  clue  for  the  operation  of  the  Autonomous 
Land  Vehicle  (ALV).  Even  with  the  use  of  sophisticated 
inertial  navigation  systems,  the  accumulation  of  position 
errors  requires  periodic  corrections.  Mission  tasks  involving 
search  and  rescue,  exloration  and  manipulation  (e.g.  refuel¬ 
ing  and  munitions  deployment)  critically  depend  on  visual 
information.  Motion  becomes  a  natural  component  as  soon 
as  moving  objects  are  encountered  in  some  form,  while  fol¬ 
lowing  a  convoy,  approaching  other  vehicles  or  detecting 
threats.  The  presence  of  moving  objects  and  their  behavior 
must  be  known  to  provide  appropriate  counteraction.  In 
addition  to  that,  image  motion  provides  important  cues  about 
the  spatial  layout  of  the  environment  and  about  the  actual 
movements  of  the  vehicle.  As  part  of  the  vehicle  control 
loop,  visual  motion  feedback  is  beneficial  for  path  stabiliza¬ 
tion,  steering  and  braking.  Results  from  psychophysics'*' 16 
show,  that  humans  rely  heavily  on  visual  motion  for  motor 
control. 

While  the  vehicle  is  moving  itself,  the  entire  camera 
image  is  changing  continuously.  The  inteipretation  of  com¬ 


plex  dynamic  scenes  is  therefore  the  continuous  task  for  the 
vision  system  of  an  autonomous  land  vehicle.  Any  change 
in  the  2-D  image  is  always  the  result  of  a  change  in  3-D 
space,  either  induced  by  vehicle  motion  or  by  moving 
objects.  Finding  a  consistent  interpretation  for  every  change 
in  the  image  is  the  objective  of  "motion  understanding”. 

Previous  work  in  motion  analysis  has  mainly  concen¬ 
trated  on  numerical  approaches  for  reconstructing  motion 
and  scene  structure  from  image  sequences.  Recently  Nagel13 
has  given  a  comprehensive  review.  While  a  completely  sta¬ 
tionary  environment  has  been  assumed  in  most  previous 
work  on  the  reconstruction  of  camera  motion,  the  possible 
presence  of  moving  objects  must  be  accounted  for  in  this 
scenario.  Similarly,  we  cannot  rely  on  a  fixed  camera  setup 
to  detect  those  moving  objects.  Clearly,  some  kind  of  com¬ 
mon  reference  is  required,  against  which  the  movement  of 
the  vehicle  as  well  as  the  movement  of  objects  in  the  scene 
can  be  related. 

Extensive  work  has  been  done  in  determining  the  rela¬ 
tive  motion  and  rigid  3-D  structure  of  a  given  set  of  image 
points,  basically  following  two  approaches.  In  the  first 
approach,  structure  and  motion  are  computed  in  one  integral 
step  by  solving  a  system  of  linear  or  nonlinear  equa¬ 
tions11’12,19’23  from  a  minimum  number  of  points  on  a 
rigid  object.  The  method  is  reportedly  sensitive  to  noise.4,22 
Recent  work2,3,6,18'21  has  addressed  the  problem  of  recov¬ 
ering  and  refining  3-D  structure  from  motion  over  extended 
periods  of  time,  demonstrating  that  fairly  robust  results  can 
be  obtained.  However,  these  approaches  require  distinct 
views  of  the  object  (the  environment),  which  are  generally 
not  available  to  a  moving  vehicle.  Besides  that  ii  seems, 
that  the  noise  problem  cannot  be  overcome  by  simply 
increasing  the  time  of  observation. 

The  second  approach2,7,9,1*3,14,17  makes  use  ol  the 
unique  expansion  pattern,  which  is  experienced  by  a  moving 
observer.  Arbitrary  observer  motion  can  be  decomposed  into 
translational  and  rotational  components  from  the  2-D  image, 
without  computing  the  structure  of  the  scene.  Figure  1 
shows  the  basic  viewing  geometry  for  a  moving  observer. 
The  vector  representing  the  direction  of  instantaneous  head¬ 
ing  intersects  the  image  plane  at  the  "focus  of  expansion” 
(FOE).  In  a  stationary  environment  every  point  in  the  image 
seems  to  expand  from  the  FOE.  The  closer  a  point  is  in  3  D, 
the  more  rapidly  it  expands  in  the  image.  Thus  for  a  sta¬ 
tionary  scene,  its  three-dimensional  structuie  can  be  obtained 
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from  the  expansion  pattern.  Some  obvious  cases  of  object 
motion  are  easy  to  detect,  such  as  motion  towards  the  FOE, 
whereas  other  types  of  motion  are  not  so  obvious. 


projection  plane 


Figure  l.  The  basic  viewing  geometry  for  a  moving  observer15  (left). 
The  Focus  of  Expansion  points  at  the  direction  of  instantaneous  heading. 
Stationary  points  in  the  scene  seem  to  expand  from  one  point  (tire  FOE) 
when  the  camera  moves  along  a  straight  line17  (right).  The  rate  of 
expansion  indicates  how  dose  to  die  projection  plane  a  point  is  in  3-D. 


Our  approach  builds  on  the  second  method,  using  the 
expanding  field  of  displacement  vectors  as  the  main  source 
of  information.  Following  a  generate-and-test  strategy, 
hypotheses  about  the  structure  of  the  environment  are 
created  from  relationships  in  the  image,  which  are  checked 
for  inconsistencies  over  time.  Instead  of  creating  a  numeri¬ 
cal  description,  the  interpretation  of  the  scene  is  accom¬ 
plished  in  a  qualitative  fashion.8 

The  approach  we  are  presenting  is  unique  in  several 
respects.  First,  a  qualitative  line  of  reasoning  and  modeling 
is  pursued,  which  offers  significant  advantages  over  "hard" 
numerical  techniques.  Second,  motion  understanding  is 
attempted  in  a  hypothesize-and-test  environment,  where  mul¬ 
tiple  interpretations  of  the  scene  may  be  active  at  the  same 
time.  In  addition  to  the  two-dimensional  displacement  field, 
we  employ  multiple  sources  of  information,  such  as  spatial 
reasoning  and  semantics  for  the  construction  and  mainte¬ 
nance  of  the  scene  model. 

The  choice  of  a  suitable  spatial  description  of  the 
environment5  is  an  important  component  of  motion  under¬ 
standing.  A  vehicle-centered  model  of  the  scene  is  con¬ 
structed  and  maintained  over  time,  representing  the  current 
set  of  feasible  interpretations  of  the  scene.  In  contrast  to 
most  previous  approaches,  we  do  not  attempt  an  accurate 
geometric  description  of  the  scene.  Instead  we  propose  a 
Qualitative  Scene  Model,  which  holds  only  a  coarse  qualita¬ 
tive  representation  of  the  three-dimensional  environment.  As 
part  of  this  model,  the  "stationary  world"  is  represented  by  a 
set  of  image  locations,  forming  a  rigid  3-D  configuration 
which  is  believed  to  be  stationary.  All  the  motion-related 
processes  at  the  intermediate  level  use  this  model  as  a  cen¬ 
tral  reference  The  vehicle’s  self-motion,  for  instance,  must 
be  related  to  the  stationary  parts  of  the  environment,  even  if 
large  parts  of  the  image  are  in  motion.  We  argue  that  this 


kind  of  qualitative  modeling  and  reasoning  is  sufficient  and 
efficient  for  the  problem  at  hand. 

While  most  previous  work  can  be  related  to  low-level 
computer  vision,  the  integration  of  motion  into  higher  levels, 
i.e.  actual  motion  understanding  is  still  in  its  infancy.  Here 
we  present  a  set  of  motion-related  processes  allocated  at  an 
intermediate  level  of  computer  vision.  These  processes 
bridge  the  representational  gap  between  purely  two- 
dimensional,  image-centered  low-level  processes  and  the 
three-dimensional,  world-centered  high-level  processes. 
High-level  processes  keep  a  global  view  of  the  scene, 
characterized  by  goal-directed  activities  (focus  of  attention). 
The  long-term  interactions  between  objects  are  handled  at 
this  level.  The  intermediate  level  performs  "routine"  tasks, 
which  do  not  require  focused  attention,  but  short-term 
memory  and  knowledge.  As  far  as  motion  is  concerned,  we 
want  a  vision  system  to  be  "surprised"  only  in  cases  of 
really  unexpectable  changes  in  the  image.  Changes  due  to 
normal  self-motion  short-term  occlusion  etc.  should  not 
invoke  attentative  action  at  the  high  level. 


2.  UNDERSTANDING  MOTION 

PROBLEM  STATEMENT 

The  purpose  of  our  approach  is  to  construct  and  main¬ 
tain  a  consistent  interpretation  of  time-varying  images 
obtained  from  the  camera  on  a  moving  vehicle.  Specifically 
we  are  interested  to  determine 

•  how  is  the  ALV  moving  ? 

•  what  is  moving  in  the  scene  and  how  does  it  move  ? 

•  what  is  the  approximate  3-D  structure  of  the  scene  ? 

The  original  input  is  a  sequence  of  images,  taken  at  a  con¬ 
stant  rate.  A  low-level  correspondence  technique  is  avail¬ 
able,  which  extracts  distinct  features  (points,  lines  or 
regions)  from  every  image  and  supplies  the  2-D  displace¬ 
ment  between  successive  frames  for  every  feature.  This  is 
the  actual  input  to  our  vision  process.  Recently  a  promising 
technique1  for  estimating  the  displacement  field  around 
region  boundaries  was  devised,  which  makes  this  class  of 
features  attractive  for  our  approach.  At  the  present  stage 
points  are  the  only  type  of  features  being  used.  We  assume 
that  the  problem  of  computing  reliable  displacement  vectors 
for  individual  points  (the  "Correspondence  Problem")^  is 
solved.  The  correspondence  algorithm  labels  each  feature 
and  tracks  it  over  time  by  generating  a  list  of  tupels: 

( feature-label,  t0,x0,y0  ) 

( feature -label ,  /0+ 1  ) 

(feature- label,  t(,tkpck,yt  ) 

When  no  correspondence  is  found,  either  because  of  occlu 
sion  or  because  the  feature  left  the  field  of  view,  the  list  of 
tupels  for  this  feature  is  discontinued.  The  low-level  process 
is  not  expected  to  track  a  feature  through  occlusion,  this  is 
the  task  of  intermediate-level  processes,  where  short-term 
memory  is  available. 


DETERMINATION  OF  VEHICLE  MOTION 


The  first  step  of  our  approach  is  to  determine  the 
vehicle’s  motion  relative  to  the  stationary  environment 
between  each  pair  of  frames.  If  the  vehicle  moves  along  a 
straight  line,  all  stationary  features  seem  to  expand  from  one 
single  point  in  the  image,  the  focus  of  expansion.  In  the 
general  case,  vehicle  rotation  induces  an  additional  vector 
field  in  the  image.  The  fact  that  all  the  displacement  vectors 
of  stationary  features  must  intersect  in  a  common  point  can 
be  used  to  "derotate"  the  image  and  compute  the  vehicle’s 
rotation  and  direction  of  translation.  Due  to  inertia,  the 
direction  of  translation  as  well  as  the  amount  of  rotation 
about  either  axis  cannot  change  drastically  between  two 
frames.  Thus  the  previous  motion  parameters  can  serve  as  a 
good  guess  for  finding  the  current  optimum. 

We  do  not  assume  that  the  exact  location  of  the  FOE  in 
the  image  plane  can  always  be  determined,  but  that  a  region 
can  be  specified,  which  contains  the  FOE  with  high  cer¬ 
tainty.  However,  the  smaller  the  region  of  possible  FOE- 
locations  is,  the  more  conclusions  can  be  drawn  for  the 
interpretation  of  the  scene.  Although  this  first  step  is  done 
exclusively  in  the  image  plane,  knowledge  about  the  station¬ 
ary  features  to  be  used  must  be  available  in  some  form. 
This  information  is  supplied  by  the  Qualitative  Scene  Model, 
which  is  described  in  the  following  section. 

Given  the  accurate  location  of  the  FOE  (xe,ye),  the  rela¬ 
tive  range  of  any  (stationary)  point  P  in  the  image  can  be 
determined  at  time  t  by  the  relation 

Z(0  «  V(t)  , 
v(0 

where  Z(t)  is  the  actual  distance  of  the  point  from  the  image 
plane  in  3-D,  V(t)  is  the  velocity  dZidt  of  the  vehicle  perpen¬ 
dicular  to  the  image  plane.  r(t)  is  the  2-D  distance  between 
the  image  of  P  and  the  FOE,  v(t)  is  the  radial  velocity  dr/dt. 
Since  V(t)  is  the  same  for  any  stationary  point  in  the  scene, 
r(t)  and  v(t)  can  be  measured  in  the  image  and  depth  can  be 
reconstructed  up  to  a  common  scale  factor. 

While  the  vehicle  is  traversing  the  environment,  Z(t) 
keeps  changing  for  every  feature  in  the  field  of  view  If  the 
depth  map  itself  was  used  as  the  scene  model,  the  model 
would  have  to  be  updated  continuously,  since  the  depth  of 
objects  is  changing  as  the  ALV  moves  forward.  The  topol¬ 
ogy  of  a  stationary  scene,  however,  remains  unchanged.  The 
key  idea  of  our  approach  is  to  construct  and  maintain  a 
topological  model  of  the  scene  from  observations  in  the 
time-varying  images.  If,  as  an  example,  for  two  3-D 
features  A,B  with  image  points  a,b 

I'M  f  bil) 
v„(0  v„(0 

for  every  possible  location  of  the  FOE,  then  we  may  con¬ 
clude  that  A  is  actually  closer  to  the  image  plane  than  B.  If 
A  and  B  are  really  stationary,  this  relationship  must  hold  in 
any  future  observation.  Otherwise  it  can  be  concluded  that  at 
least  one  of  the  two  features  is  not  stationary. 


DETECTING  3-D  MOTION 

A  central  issue  of  motion  understanding  is  the  detection 
of  actual  movements  in  the  3-D  environment.  Given  the 
location  of  the  FOE  and  the  derotated  displacement  field  (as 
explained  earlier),  some  forms  of  3-D  motion  are  easy  to 
detect,  whereas  others  are  of  a  more  subtle  nature.  For 
instance,  motion  of  an  image  point  towards  the  FOF  is  a 
striking  evidence  of  3-D  motion  in  the  scene.  In  this  parti  i- 
lar  case,  something  is  obviously  moving  into  the  ALV  s  ti a 
jectory.  This  is,  however,  not  the  most  "dangerous"  case 
Consider  the  situation  in  Figure  2,  seen  from  the  Al.V  vvhii 
it  is  approaching  an  intersection.  The  shaded  area  in  ti  . 
center  represents  the  region  of  possible  locations  of  the  101 
The  building  on  the  right  seems  to  expand  away  from  the 
FOE,  while  the  truck  (which  is  actually  moving)  slays  at  a 
constant  image  location. 


Figure  2.  A  typical  situation:  the  ALV  is  approaching  an  intersection. 
Two  feature  points  are  tracked  in  the  image,  point  A  on  the  (moving) 
truck,  and  point  B  on  the  building.  The  stationary  part  of  the  image 
seems  to  expand,  while  the  truck  stays  at  a  constant  image  location. 
The  shaded  area  in  the  center  represents  the  region  of  possible  TOE- 
locations. 

From  the  expansion  pattern  alone,  the  feature  point  A  on  the 
truck  will  be  interpreted  as  stationary  at  infinite  distance. 
However,  if  the  truck  and  the  ALV  keep  moving  in  this 
manner  (with  the  image  of  the  truck  staying  at  the  same 
location),  the  two  will  inevitably  collide.  Although  in  reality 
the  truck  is  unlikely  to  show  no  image  motion  at  all,  the 
detection  of  this  threat  in  the  presence  of  noise  is  not  trivial. 
It  is  only  possible,  when  changes  in  the  image  can  be  related 
to  the  spatial  layout  of  the  scenp  This  allows  reasoning  in  a 
fashion  like: 

'Since  the  truck  is  occluding  the  building,  it  must  be 
closer  to  the  ALV  than  the  building.  The  image  of  the 
building  is  expanding,  thus  it  is  at  a  finite  distance.  There¬ 
fore  the  truck  cannot  be  at  infinite  distance  (the  original 
interpretation  was  wrong).  Probably  the  truck  is  moving 
towards  the  ALV." 

From  knowledge  about  the  spatial  relationships  between 
features  in  3-D  and  their  motion  in  the  image,  we  can  make 
conclusions  about  actual  motion  in  the  3-D  environment 
However,  different  sources  of  knowledge  and  different  paths 
of  reasoning  must  be  combined  to  come  up  with  unambigu¬ 
ous  interpretations. 
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OCCLUSION  ANAL  YSIS 

Whenever  new  image  features  appear  in  the  field  of 
view,  they  must  be  categorized  and  integrated  into  the 
current  mterpretation(s)  of  the  scene.  Thus  the  appearance 
of  a  feature  constitutes  an  event  of  major  activity  for  a 
motion  analysis  system.  The  same  can  be  said  for  the  disap¬ 
pearance  of  an  image  feature.  The  appearance  of  a  feature 
can  happen,  when 

•  the  feature  had  not  been  in  the  field-of-view  before, 

•  the  feature  had  been  occluded,  or 

•  the  feature  is  moving. 

Every  feature  must  be  taken  care  of  at  least  once,  when 
it  becomes  visible  for  the  first  time.  If  no  global  "world 
model"  is  available,  this  class  of  events  cannot  be  predicted 
by  any  means.  In  contrast,  given  an  appropriate  model  of 
the  scene,  the  disappearance  of  a  feature  might  well  be 
predicted.  This  is  not  only  important  for  understanding  the 
event  of  disappearance  itself,  but  it  provides  additional  infor¬ 
mation  about  the  consistency  of  the  model.  If,  for  instance, 
a  stationary  feature  A  does  not  occlude  another  feature  B 
within  the  predicted  period  of  time,  either  the  spatial  rela¬ 
tionships  assumed  by  the  model  are  incorrect,  or  one  of  the 
two  features  is  moving.  In  either  case  the  model  requires  an 
update. 

If  the  ALV  is  moving  in  an  environment  containing  a 
large  number  objects  at  different  depths,  temporary  occlu¬ 
sion  of  features  will  happen  frequently.  Whenever  a  feature 
becomes  invisible,  the  low-level  correspondence  process  will 
stop  tracking  this  feature  and  discontinue  the  associated  list 
of  position-tupels  (see  above).  This  happens  even  if  the 
featu-.c  i'  '  visible  for  only  one  frame  period,  since  the  low- 
level  prow  does  not  estimate  the  image-trajectory  of  a 
feature.  When  the  feature  finally  reappears  out  of  a  tem¬ 
porary  occlusion,  the  low-level  process  assigns  a  new 
feature-label  to  it  and  resumes  to  track  it  in  the  image  just 
like  a  feature  which  has  never  been  encountered  before.  The 
intermediate-level  motion  process,  however,  has  most  of  the 
information  available  to  predict  the  reappearance  of  a  feature 
from  temporary  occlusion.  This  not  only  reduces  the 
amount  of  "surprise"  which  must  be  handled  in  such  an 
event,  but  can  also  direct  the  low-level  process  to  look  out 
for  a  new  feature  in  a  certain  image  region.  Since  this  is 
part  of  a  larger  project  for  ALV-related  vision  the  integra¬ 
tion  of  map  information  for  occlusion  analysis  and  tracking 
is  among  the  final  goals. 

RULES 

There  are  various  independent  sources  that  may  contri¬ 
bute  to  the  creation  of  scene  interpretations:  geometry,  spa¬ 
tial  reasoning,  and  semantics.  Each  of  these  three  types  of 
knowledge  is  cast  into  a  set  of  rules,  which  is  applied  to 
time-varying  images. 

Conclusions  from  the  expansion  pattern  in  the  described 
above  are  based  only  on  the  geometry  of  the  imaging  pro¬ 
cess  and  the  vehicle  motion.  The  following  set  of  geometric 
rules  should  illustrate  the  idea. 


Rule  GEOMETRY -l  This  simple  rule  can  be  applied  after 
the  image  has  been  derotated  and  the  region  of  possible  FOE 
locations  has  been  determined. 

if 

point  a  is  movin3  toward  the  FOE  region 

then 

hypothesize  (mobile  a). 

Rule  GEOMETRY-2:  If  the  image  has  been  derotated  and  the 
region  of  possible  FOE  locations  is  known,  then  for  every 
point  a  the  minimum  and  maximum  distance  rfn,  C"  and 
velocity  vf",  relative  to  the  FOE  can  be  computed, 
if 

( stationary  a) 

( stationary  b) 

/  _max/„min  ^  ..min/, , max  \ 

t  ra  IVa  <  rb  lvb  ) 

then 

hypothesize  (closer  a  b). 

Since  the  relative  distance  between  image  points  is  not 
affected  by  small  amounts  of  vehicle  rotation,  the  image 
needs  not  to  be  derotated  in  the  following  rule.  Only  a  very 
coarse  estimate  of  the  FOE’s  location  must  be  available, 
which  may  be  obtained  from  previous  frames. 

Rule  GEOMETRY-3 : 

An  image  point  a  is  said  to  be  inside  a  point  b,  if  a  is  closer 
to  the  FOE  than  b.  For  pairs  of  points  in  a  certain  neighbor¬ 
hood,  this  is  easy  to  determine.  Dab(i)  denotes  the  Euklidean 
distance  from  a  to  b  at  time  t. 

if 

( stationary  a) 

(stationary  b) 

( inside  a  b) 

(  h>aj>0)  >  h>a  b(i+ 1)  ) 

then 

hypothesize  ( closer  a  b). 

The  following  constraint- rule  verifies  that  a  hypothesis  gen¬ 
erated  in  the  previous  rule  can  be  maintained  over  time. 
Constant  vehicle  motion  is  implicitly  assumed. 

Rule  GEOMETRY-4 :  Due  to  the  monotonic  functions 
involved  in  the  imaging  process,  motion  between  two  (sta¬ 
tionary)  image  points  a,b  must  continue,  once  it  has  started. 

if 

(stationary  a) 

(stationary  b) 

(  Dab(i)  >  Dab(t+l)  ) 

then 

verify  (  Datb{i+ 1)  >  Z\t(/+ 2)  ). 

The  results  from  geometry  are  valid  for  any  arbitrary 
configuration  of  ooints  in  space.  However,  certain  assump¬ 
tions  can  be  made  about  the  spatial  layout  of  the  scene 
which  will  be  encountered.  For  instance,  the  vehicle  always 
travels  on  some  kind  of  surface,  such  that  the  profile  of  the 
view  is  more  or  less  convex  (Fig.  3). 

If  the  camera  is  fixed  to  the  vehicle,  such  that  the  wheels 
and  the  ground  are  below,  we  can  define  a  (heuristic)  rule, 
that  features  which  are  lower  in  the  image  are  generally 
closer  to  the  vehicle. 
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Figure  3.  The  convex  nature  of  the  viewing  profile.  It  allows  the  heuris¬ 
tic  assumption,  that  features  lower  in  the  image  are  generally  closer  to 
the  vehicle. 


Rule  SPATIAL- 1 :  For  any  pair  of  image  points  a,b: 

if 

(  lower  a  b  ) 

then 

hypothesize  (  closer  a  b  ) 

As  a  consequence,  it  is  very  unlikely,  that  a  feature  is  farther 
away  than  all  its  surrounding  neighbors. 

Occlusion  is  another  important  source  of  spatial  infor¬ 
mation,  which  is  applicable  for  more  complex  features  such 
as  lines  and  regions.  A  feature  occluding  another  feature  is 
closer  to  the  viewer  than  the  occluded  feature. 

Rule  OCCLUSION-1-.  For  any  pair  of  image  features  (lines, 
regions)  a,b  : 

if 

(  occluding  a  b  ) 

then 

hypothesize  (  closer  ah). 

Semantics  can  supply  useful  clues,  when  partial 
interpretations  of  the  scene  are  already  avai'able.  If,  for 
instance,  the  horizon  has  been  identified,  any  object  above  it 
must  be  in  the  sky  and  cannot  be  stationary.  Similarly,  the 
features  of  an  object  recognized  as  a  building  would  not  be 
considered  moving  in  an  ambiguous  situation. 

All  these  three  sources  of  information  (geometry,  spa¬ 
tial  reasoning  and  semantics)  contribute  to  the  creation  or 
the  elimination  of  interpretations  in  the  Qualitative  Scene 
Model.  The  set  of  rules  given  above  should  demonstrate  the 
idea  and  is  far  from  being  complete.  Since  their  underlying 
assumptions  vary  considerably,  conclusions  from  different 
groups  of  rules  carry  different  weights.  Conclusions  from 
geometry ,  which  are  based  on  the  most  general  assumptions 
always  outrule  results  from  spatial  reasoning  or  semantics. 
Meta-knowlcdge  of  this  form  is  used  to  organize  the  interac¬ 
tion  of  the  different  sets  of  rules. 

THE  QUALITATIVE  SCENE  MODEL 

Since  the  proposed  model  is  vehicle-centered,  most 
information  contained  in  the  image  is  implicitly  part  of  the 
model  In  addition  to  these  facts,  the  other  part  of  the 
model  forms  the  actual  interpretation  of  the  scene.  The 
feature-property  stationary! mobile  and  the  closer  relationship 


between  features  are  the  central  building  blocks  of  the  Qual 

itativc  Scene  Model. 

The  current  set  of  image  features  together  with  assigned 
properties  and  mutual  relationships  constitute  an 

interpretation  of  the  scene.  An  interpretation  is  feasible,  as 
long  as  it  is  free  of  internal  conflicts,  e.g.  ( closer  A  R)  and 
{closer  B  A).  The  Qualitative  Scene  Model  comprises  a  set 
of  feasible  interpretations  of  the  current  scene.  As  the  vehi 
cle  proceeds,  more  information  about  the  structure  of  the 
scene  is  accumulated. 

Figure  4  shows  an  example,  how  a  network  of  closer- 
relationships  is  constructed  in  the  case  of  a  completely  sta¬ 
tionary  set  of  features  a,b,c,d.  Initially  nothing  is  known 
about  their  spatial  relationships,  except  that  (since  they  are 
visible)  all  are  in  front  of  the  image  plane.  This  situation  is 
reflected  by  the  graph  and  the  set  of  facts  in  Fig.  4a.  Since 
facts  of  the  form  {closer  O  a)  are  implicit,  they  are  only 
listed  for  the  initial  case.  As  more  findings  are  added  to  the 
list  of  facts,  the  tree  of  c/o.ver-relationships  keeps  growing, 
as  shown  in  Fig.  4b-d. 


Figure  4.  Successive  construction  of  closer  relationships,  (a)  Initial 
situation:  no  relative  depth  is  known  for  the  image  features  a,b,c,d.  They 
are  only  known  to  he  in  front  of  the  image  plane  O.  (/>)  ( closer  a  b)  has 
been  determined  and  is  added  to  the  list  of  facts,  (c)  ( closer  b  c)  has 
been  determined,  ( closer  a  c)  is  implied  by  transitivity,  (d)  ( closer  d  c) 
has  been  determined;  notice  that  at  this  point  nothing  can  be  said  about 
the  relationship  between  (a,d)  and  (b.d). 


3.  INTERPRETATION  AND  CONFLICT  RESOLUTION 

Using  a  set  of  rules  which  include  those  described  in 
the  previous  section,  the  Qualitative  Scene  Model  is  con¬ 
structed.  In  this  section  we  want  to  describe  how  the  model 
develops  over  time,  how  new  interpretations  of  the  scene  are 
generated,  and  how  conflicts  are  resolved. 
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Let  us  consider  a  simple  example  with  a  scene  contain- 
tng  only  three  feature  points  a,b,c  (see  Figure  5). 

Initially  (at  t  t0)  nothing  is  known  about  the  spatial  relation¬ 
ships  between  these  points  and  whether  they  are  stationary 
or  not.  The  default  assumption  is  that  any  point  is  station¬ 
ary,  unless  there  is  an  indication  that  this  is  not  true.  The 
initial  interpretation  of  the  scene  thus  contains  only 

Interpretation  A(/0): 

(stationary  a) 

(stationary  b) 

(stationary  c) 

Suppose  that  between  t0  and  1 1  all  three  points  show  somt 
amount  of  expansion  away  from  the  FOE,  giving  rise  to  the 
conclusion  (e.g.  by  rule  Geometry-2 )  that  a  is  closer  (to  the 
vehicle)  than  b,  a  is  closer  than  c,  and  c  is  closer  than  b. 
From  the  information  gathered  up  to  this  point,  the  interpre¬ 
tation  of  the  scene  at  time  t,  looks  like  this: 

Interpretation  A(t,): 

(stationary  a) 

(stationary  b) 

(stationary  c) 

(closer  a  b) 

(closer  a  c) 

(closer  c  b) 

At  time  t2  one  of  the  rules  claims  that  c  is  closer  than  a  and 
tries  to  assert  this  fact  into  the  current  interpretation. 
Clearly,  the  new  interpretation  would  contain  the  conflicting 
facts 

(closer  a  c)  and  (closer  c  a)  , 

which  would  not  be  a  feasible  interpretation.  The  conflict  is 
resolved  by  creating  two  disjunct  hypotheses,  with  cither  a 


or  c  as  mobile: 

Intcrpietation  B(/2): 

(mobile  a) 

(stationary  b) 

(stationary  c) 

(closer  c  b) 

Interpretation  C(t2): 

(stationary  a) 

(stationary  b) 

(mobile  e) 

(closer  a  b) 

Notice,  that  when  a  feature  is  hypothesized  to  be  mobile,  all 
its  e/oser-relationships  are  removed  from  the  interpretation. 
At  this  point  in  time,  two  feasible  interpretations  of  the 
scene  are  active  simultaneously.  All  active  interpretations  are 
pursued  until  they  enter  a  conflicting  state,  in  which  case 
they  are  either  branched  into  new  interpretations  or  removed 
from  the  Qualitative  Scene  Model. 

In  our  example  we  assume,  that  both  interpretations  B  and  C 
are  still  alive  at  time  At  this  point  some  rule  elaims,  that  b 
should  be  closer  than  c.  This  would  not  create  a  conflict  in 
interpretation  C,  because  there  c  is  considered  as  mobile 
anyway.  Interpretation  B,  however,  cannot  ignore  this  new 
finding,  because  it  contains  the  contradiction  (closer  c  b)! 
Again  we  could  branch  interpretation  B  into  two  new 
interpretation,  with  either  (mobile  b)  or  (mobile  e).  This 
time,  however,  there  is  another  active  interpretation  (C), 
whieh  eould  absorb  (closer  b  c)  without  causing  an  internal 
conflict.  Thus  interpretation  B  is  not  branched  out,  but 
removed  altogether  from  the  model. 


Figure  5.  Development  of  a  scene  model  over  time:  At  time  tO  three  features  a,b,c  are  given,  which  are  initially 
assumed  to  be  stationary.  At  time  it  three  c/o.«?r-relationships  have  been  established  between  a,b,c.  All  features  are  still 
considered  stationary.  At  time  (2  a  conflict  arises  in  interpretation  A,  which  is  the  only  interpretation  active  at  this  time. 
Two  new  interpretations  (It  and  C)  are  created,  each  containing  one  feature  considered  mobile  (a  and  c).  At  time  ti 
another  conflict  occurs  in  interpretation  It,  Since  an  interpretation  (C)  is  active  at  the  same  time,  which  could  absorb  the 
conflicting  tact  ( closer  c  b),  I!  is  collapsed  and  C  remains  as  the  only  feasible  interpretation. 
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In  summary,  the  development  of  the  Qualitative  Scene 
Model  is  controlled  by  the  following  meta- rules: 

•  Initially  assume  that  all  features  belong  to  stationary 
objects.  There  is  only  one  initial  (root)  interpretation. 

•  After  a  hypothesis  has  been  ereated  by  one  of  the  analyz¬ 
ing  rules,  try  to  integrate  this  hypothesis  as  a  fact  into  every 
active  interpretation. 

•  If  the  new  fact  is  consistent  with  the  interpretation,  make 
it  a  part  of  this  interpretation. 

•  If  the  new  fact  is  not  consistent  with  the  interpretation, 
and  there  are  currently  no  other  active  interpretation,  then 
create  a  new  set  of  interpretations  containing  this  fact 
without  conflict. 

•  Otherwise  delete  this  interpretation  from  the  model. 

The  algorithm  for  finding  the  FOE  and  derotating  the 
image  requires  a  set  of  image  points,  which  are  believed  to 
be  stationary.  Out  of  all  interpretations  active  at  the  same 
time,  the  most  conservative  interpretation  (i.e.  with  the  smal¬ 
lest  set  of  stationary  features)  is  selected  for  this  purpose. 
Also,  the  information  contained  in  the  Qualitative  Scene 
Model  is  made  available  to  processes  such  as  vehicle  con¬ 
trol,  navigation,  object  recognition,  motion  description  and 
threat  handling.  The  main  role  of  the  Qualitative  Scene 
Model  is  to  serve  as  a  representational  bridge  between  low- 
and  high-level  vision  and  to  piovide  a  stable  reference  over 
time. 


4.  CONCLUSIONS 

The  main  difficulty  of  motion  understanding  in  the 
ALV  scenario  is  that  the  effects  of  vehicle  motion  and  actual 
movement  of  objects  in  the  scene  contribute  to  a  constantly 
changing  camera  image.  In  this  paper  we  presented  a  new 
approach  for  this  problem  which  departs  clearly  from  previ¬ 
ous  work.  Avoiding  a  purely  numerical  technique  we  advo¬ 
cate  a  qualitative  line  of  reasoning  and  modeling.  Multiple 
interpretations  of  the  dynamics  in  the  scene  are  pursued  at 
the  same  time,  allowing  a  very  flexible  way  of  reasoning. 
No  attempt  is  made  to  reconstruct  the  three-dimensional 
structure  of  the  scene  in  numerical  quantities.  Instead,  scene 
description,  motion  detection  and  occlusion  analysis  are 
accomplished  by  reasoning  based  on  a  Qualitative  Scene 
Model.  Different  sources  of  visual  information,  such  as 
motion,  spatial  reasoning  ar  d  semantics  are  integrated  in  a 
rule-based  framework.  We  have  tried  to  show,  that  this 
qualitative  strategy  of  reasoning  and  modeling  can  provide 
significant  advantages  over  previous,  purely  numerical 
methods. 

The  work  reported  here  shows  the  conceptual  outline  of 
our  approach.  While  we  have  considered  only  point-features 
so  far,  the  integration  of  fines  and  regions  will  be  a  natural 
extension.  An  implementation  on  a  Symbolics  3670  is 
currently  under  way,  using  real  ALV  imagery  to  demonstrate 
the  benefits  of  our  approach. 


REFERENCES 

1.  B.  Bhanu  and  W.  Burger,  “Approximation  of  Displace 
ment  Fields  Using  Wavefront  Region  Growing,” 
University  of  Utah,  Dept,  of  Computer  Science  UUCS 
86-111  (June  1986). 

2.  S.  Bharwani,  E.  Riseman,  and  A.  Hanson,  “Refinement 
Of  Environmental  Depth  Maps  Over  Multiple  Frames,” 
Proc.  IEEE  Workshop  on  Motion,  Kiawah  Island  Resort 
(May  1986). 

3.  T.  J.  Broida  and  R.  Chellapa,  “Kinematics  and  Struc¬ 
ture  of  a  Rigid  Object  from  a  Sequence  of  Noisy 
Images,”  Proc.  IEEE  Workshop  on  Motion,  Kiawah 
Island  Resort  (May  1986). 

4.  J.  Q.  Fang  and  T.  S.  Huang,  “Some  Experiments  on 
Estimatiing  the  3-D  Motion  Parameters  of  a  Rigid  Body 

from  Two  Consecutive  Image  Frames,”  IEEE  Trans. 
Pattern  Analysis  and  Machine  Intelligence  PAMI- 
6(5)  pp.  545-554  (September  1984). 

5.  G.  Hagert,  “What’s  in  a  mental  model?  On  conceptual 
models  in  reasoning  with  spatial  descriptions,”  Proc. 
9th  International  Joint  Conference  on  Artificial  Intelli¬ 
gence,  Morgan  Kaufmann  Publishers  (1985). 

6.  E.  C.  Hildreth  and  N.  M.  Grzywacz,  “The  Incremental 
Recovery  of  Structure  from  Motion:  Position  vs.  Velo¬ 
city  Based  Formulations,”  Proc.  IEEE  Workshop  on 
Motion,  Kiawah  Island  Resort  (May  1986), 

7.  R.  Jain,  S.  L.  Bartlett,  and  N.  O’Brien,  “Motion  Stereo 
Using  Ego-Motion  Logarithmic  Mapping,”  Proc.  IEEE 
Conf.  Computer  Vision  and  Pattern  Recognition  (1986). 

8.  B.  Kuipers,  “Qualitative  Simulation,”  Artificial  Intelli¬ 
gence  29  pp.  289-338  (1986). 

9.  D,  N.  Lee,  “The  optic  flow  field:  the  foundation  of 
vision,”  Phil.  Trans.  R.  Soc.  Lond.  B  290  pp.  169-179 
(1980). 

10.  H.  C.  Longuet-Higgins  and  K.  Prazdny,  “The  interpre¬ 
tation  of  a  moving  retinal  image,”  Proc.  R.  Soc.  Lond. 
B  208  pp.  385-397  (1980). 

11.  A.  Z.  Meiri,  “On  Monocular  Perception  of  3-D  Moving 
Objects,”  IEEE  Trans.  Pattern  Analysis  and  Machine 
Intelligence  PAMI-2(6)  pp.  582-583  (November  1980). 

12.  A.  Mitiche,  S.  Seida,  and  J.  K.  Aggarwal,  “Determin¬ 
ing  Position  and  Displacement  in  Space  from  Images,” 
Proc.  IEEE  Conf.  Computer  Vision  and  Pattern  Recog¬ 
nition  (June  1985). 

13.  H.-H.  Nagel,  “Image  Sequences  -  Ten  (octal)  Years  - 
From  Phenomenology  towards  a  Theoretical  Founda¬ 
tion,”  Proc.  Intern.  Conf.  on  Pattern  Recognition,  Paris 
(1986). 

14.  K.  Prazdny,  “Determining  the  Instantaneous  Direction 
of  Motion  from  Optical  Fluw  Generated  by  a  Curve 
linear  Moving  Observer,”  Computer  Graphics  and 
Image  Processing  17  pp.  238-248  (1981). 


537 


*  ;vv- 

m 


A 


Nvs’ V 


( 


m 

q:v;v 


4/  V*  V 


,  -  .v 

•/ V 


2-£v> 

Nr#' 


< 


r  "V 
\  \ 


*  '  jn  "  J* 


.0  - 


\  A 


\n  ■ 


< 


•  *s,  *» 


.--V-V- 
.•  V-V- 


N'». 


■5*3! 


V  v"v 


V 


. 

V  ' 


15  K  Prazdny,  “On  the  Information  in  Optical  Flows,” 
Computer  Vision,  Graphics ,  r  d  Image  Processing 
22  pp.  239-259  (1983). 

16.  D  Regan,  K  Beverly,  and  r  .ader,  “The  Visual 

Perception  of  Motion  in  Depn  • cientific  American, 

pp.  136-151  (July  1979). 

17.  J.  H.  Rieger,  “Information  in  optical  flows  induced  by 
curved  paths  of  observation,”  J.  Opt.  Soc.  Am. 
73(3)  pp.  339-344  (March  1983). 

18.  H.  Shariat  and  K.  E.  Price,  “How  to  Use  More  Than 
Two  Frames  to  Estimate  Motion,”  Proc.  IEEE 
Workshop  on  Motion,  Kiawah  Island  Resort  (May 
1986). 

IT  R.  Y.  Tsai  and  T.  S.  Huang,  “Uniqueness  and  Estima¬ 
tion  of  Three-Dimensional  Motion  Parameters  of  Rigid 
Objects  with  Curved  Surfaces,”  IEEE  Tran  Pattern 
Analysis  and  Machine  Intelligence  PAMI-6(1)  pp.  13- 
27  (January  1984). 

20.  S.  Ullman,  The  Interpretation  of  Visual  Motion,  MIT 
Press,  Cambridge,  Mass.  (1979). 

21.  S.  Ullman,  ‘  Maximizing  Rigidity:  The  Incremental 
Recovery  of  3-D  Structure  from  Rigid  and  Rubbery 
Motion,”  MIT  A.I.Memo  No.  721  (June  1983). 

22.  Y.  Yasumoto  and  G.  Medioni,  “Experiments  in  Estima¬ 
tion  of  3-D  Motion  Parameters  from  a  Sequence  of 
Image  Frames,”  Proc.  IEEE  Conf.  Computer  Vision 
and  Pattern  Recognition  (1985). 

23.  X.  Zhuang  and  R.  M.  Haralick,  “Rigid  Body  Motion 
and  the  Optic  Flow  Image,”  IEEE  Conference  on  AI 
Applications  (December  1984). 


IVST-r 


\-V- 


IWrT7  r  «rA 


>>VA 

Vv'v 

7  .N  V-  , 

.  -  .V  H 

j-’.  ■<'> 


I 


( 


What  Is  A  “Degenerate”  View? 
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1  Abstract 

In  th's  paper,  we  attempt  to  quantify  what  is  meant  by  the 
terms  "degenerate  view",  and  its  relatives,  “characteristic 
view",  "visual  event",  and  “general  viewing  position".  We 
propose  that  the  definition  of  degeneracy  is  itself  degenerate, 
taking  on  differing  meanings  at  different  times.  We  claim  (at 
least  for  the  case  of  polyhedra)  that  one  can  only  speak  of  a 
two-dimensional  stimulus  as  being  degenerate  with  respect  to 
a  given  heuristic  for  inverting  the  image  function.  Additionally, 
we  show  that  given  the  finite  viewing  resolution  of  a  two- 
dimensional  retina,  in  practice  the  concept  of  a  characteristic 
view  is  often  not  characteristic  of  real  imagery.  Even  precisely 
defined  general  viewing  positions  are  sensitive  to  camera 
acuity:  any  viewpoint  ceases  to  be  characteristic  at  some 
resolution,  and  non-characteristic  views  are  not  vanishingly 
improbable.  We  provide  initial  quantitative  estimates  on  these 
probabilities  for  some  simple  cases,  and  relate  them  to  a 
minimal  disambiguation  distance.  It  follows  that  an  aspect 
graph  is  less  a  discrete  graph,  and  more  properly  a  partitioning 
of  the  surface  of  the  viewing  sphere  into  "fuzzy"  regions  of 
non-zero  area:  an  aspect  map.  This  viewpoint  is  more  in 
keeping  with  recent  and  proposed  work  on  optimal  viewing 
strategies. 


2  Introduction 

Robotic  vision  systems  must  both  obtain  images  and 
analyze  them.  However,  a  primary  characteristic  of  many 
realistic  imaging  situations  is  that  the  data  acquisition  is  much 
less  costly  than  the  subsequent  data  analysis.  In  such 
domains  it  is  therefore  reasonable  to  dedicate  significant 
computational  effort  towards  the  task  of  calculating  an  optimal 
viewing  point  for  the  next  image  capture.  Defining  and 
obtaining  this  optimum  is  necessarily  probabilistic;  it  must 
incorporate  an  understanding  of  the  limits  of  resolution  of  the 
camera,  and  of  the  limits  of  resolution  of  the  placing  agent. 
The  overall  goal  is  to  obtain  maximal  information  from  a 
sequence  of  inexact  images  in  inexact  placements,  while 
minimizing  some  work  function  which  expresses  the  relative 
costs  of  image  acquisition  and  image  analysis,  Such 
calculations  necessarily  place  a  heavy  premium  on  avoiding 
what  are  often  referred  to  as  “degenerate  views", 
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Nevertheless,  it  is  not  apparent  what  makes  a  view 
degenerate,  how  such  a  view  is  recognized  or  forecast,  or 
even  whether  such  views  are  rare  or  commonplace.  Thus,  the 
first  concern  of  this  paper  is  to  define  and  quantify  the 
meaning  of  the  term  “degenerate  ,  and  to  show  the  varying 
imaging  contexts  in  which  it  can  arise.  Secondly,  we  suggest 
a  representation  useful  for  calculating  the  likelihood  of  such 
views  (whatever  their  definition);  it  takes  the  form  of  mappings 
over  the  viewing  sphere.  This  representation  extends  existing 
work  on  aspect  graphs  by  explicitly  incorporating  the  known 
limits  of  visual  acuity.  It  also  leads  directly  to  methods  of 
associating  with  each  view  a  probability  of  its  being  attained, 
and  the  placement  cost  of  attaining  such  a  view. 

Therefore,  as  a  first  step  to  a  general  theory  of  sensing 
strategies  for  finite  resolution  imagery,  we  use  these  aspect 
maps  to  quantify  degeneracy.  Although  this  paper  is  limited  to 
an  analysis  of  the  issue  from  the  perspective  of  two- 
dimensional  (areal)  imagery,  it  is  clear  that  related  problems 
occur  with  other  types  of  sensors,  whether  they  are  point-, 
line-,  or  area-based,  and  whether  they  sample  distance, 
orientation,  reflectance,  motion,  or  combinations  of  them. 


3  Compact  and  Partial  Survey  of  Existing 
Approaches 

How  to  model  the  viewpoints  of  a  three-dimensional  object 
is  related  to  the  general  question  of  three-dimensional 
modeling  [Requicha  80].  Most  schemes  have  traditionally 
been  classified  as  either  “Boundary  Representations"  (which 
represent  the  enclosing  surfaces  of  the  object)  or 
"Constructive  Solid  Geometry"  (the  boolean  combination  of 
volumetric  primitives).  [Ballard  and  Brown  82]  classify  as  a 
third  category  those  representations  based  on  sweeping  a 
two-dimensional  region  along  some  specified  space  curve, 
although  one  might  think  of  these  “generalized  cylinder" 
representations  as  an  extension  of  Constructive  Solid 
Geometry. 

A  priori,  there  will  be  an  infinite  number  of  viewpoints  from 
which  a  given  object  will  be  visible  from  a  fixed  distance.  The 
"character  Stic  view"  representation  attempts  to  solve  this 
problem  by  partitioning  the  infinite  views  into  a  finite  set  of 
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viewpoint  classes.  Each  viewpoint  class  represents  allot  the 
(infinite)  various  viewpoints  from  which  a  specific  so*  of  faces 
ot  the  object  will  be  visible1 . 

Thus,  an  implicit  objective  of  the  "characteristic  view" 
representation  of  a  three-dimensional  object  is  not  only  to 
encode  the  object's  three-dimensional  structure  using  a  type  of 
boundary  representation,  but  explicitly  to  represent  the 
possible  equivalence  classes  of  images  obtained  by  a  camera 
at  any  of  the  infinite  possible  viewpoints.  Such  information  is 
rich  in  the  sense  that  it  relates  directly  to  the  procedural 
information  necessary  to  instantiate  models  and  to  determine 
future  viewpoints. 

One  of  the  more  successful  three-dimensional  vision 
systems  to  date  is  the  ACRONYM  system  [Brooks  81],  which 
combines  information  from  all  levels  of  computer  vision. 
Binford  describes  the  system  as  "generic  with  respect  to 
observation,  that  is,  ACRONYM  is  insensitive  to  viewpoint  and 
flexible  with  varied  sensor  inputs."  ( [Binford  82],  p,  38), 
However,  it  is  worth  noting  that  the  success  of  ACRONYM  has 
been  achieved  without  the  need  to  compare  images  obtained 
from  different  viewpoints  of  the  same  object  (other  than  stereo 
pairs  taken  from  a  "characteristic"  position:  directly  above  the 
basically  horizontal  objects). 

Several  schemes  for  representing  the  set  of  possible 
“characteristic  views"  for  a  given  object  have  been  proposed 
[An^idi,  Du  Floriani,  and  Falcldieno  85;  Callahan  and  Weiss 
oo;  Wong  and  Fu  84;  Fekete  and  Davis  84],  Several  of  these 
have  dealt  explicitly  only  with  smooth  objects  such  as  tori. 
One  important  question  which  has  not  yet  been  resolved  is 
whether  the  ideal  representation  should  be  general  enough  to 
cover  bo  h  smooth  objects  and  polyhedra,  or  whether  it  is 
more  efficient  to  use  different  schemes  for  both.  Of  course,  in 
fhr-’  latter  case,  it  remains  further  to  be  determined  how  to 
integrate  such  representations  in  imagery  containing  both 
types  of  objecis  simultaneously. 

[Callahan  and  Weiss  85]  use  a  graph  embedded  on  the 
viewing  sphere  as  a  model  for  surface  shape.  They  present 
many  useful  examples  of  their  model,  although  they  describe 
only  smooth  surfaces.  Borrowing  from  [Koenderink  and  van 
Doom  79],  visual  “events"  are  clearly  encompassed  by  the 
representation,  and  &.  °  ogues  to  "typical  views"  for  several 
objects  (bumpy  sphere,  tori,  etc.)  are  presented.  However, 
there  is  no  apparent  connection  between  their  formalism  and 
image  observables;  many  of  the  examples  imply  semi¬ 
transparent  objects. 

One  recent  approach  [Fekete  and  Davis  84]  apparently 
works  for  either  polyhedral  or  smooth  objects.  A  new  data 
structure  ("hierarchic  trixels")  for  representing  a  function  on 
the  viewing  sphere  is  presented,  which  explicitly  encodes  a 
discrete  sampling  of  the  values  of  an  arbitrary  function  of  the 
image,  measured  on  images  generated  from  all  possible 
viewpoints.  Object  recognition  is  performed  based  on  this  set 
of  function  values.  This  resulting  function  on  the  sphere,  the 
property  sphere",  can  be  used  to  generate  aspect  graphs. 

It  is  a  significant  result  of  this  work  that  the  two-dimensional 
analog  of  the  property  sphere,  the  “property  circle",  has 
proved  sufficient  fer  useful  object  recognition  tasks.  Another 

A  recent  application  of  this  concept  to  3D  object  representation  in  the 
context  of  bin  picking  tasks  is  reported  in  [Ikeuchi  86],  In  particular,  an 
interpretation  tree  is  generated  which  distinguishes  among  viewpoints  based 
on  the  set  of  visible  faces. 


noteworthy  aspect  of  the  work  of  [Fekete  and  Davis  84]  is  that 
the  arbitrary  function  used  until  now  has  (intentionally)  been  a 
metric  of  relatively  low  information  content,  eg,  the  average 
radius  of  the  image  from  the  given  viewpoint.  This  metric 
reduces  area  information  in  an  image  to  a  small  number  of 
scalars  (here,  one),  in  effect  turning  the  camera  into  a  point 
based  sensor,  It  remains  to  be  seen  whether  other  intuitively 
“higher"  information-content  metrics  will  perform  beher  In 
spirit,  the  property  circle  work  has  much  in  common  with  the 
work  of  Grimson  on  sensing  strategies  for  point-based  sensors 
[Grimson  85],  where  the  concept  of  trixel  has  as  its  analogue 
the  Chebyshev  point  of  the  bounding  polygon  of  a  projected 
object  surface. 

The  property  sphere  concept  has  been  extended  by  [Korn 
and  Dyer  86],  who  specify  a  number  of  useful  algorithms  for 
constructing  and  manipulating  the  property  sphere 
representation.  Specifically,  in  order  to  minimize  redundant 
data,  Korn  and  Dyer  have  extended  the  concept  of  2-D  region 
growing  [Ballard  and  Brown  82],  This  method  saves  both 
space  and  time  in  further  operations,  by  merging  “viewpoints 
into  maximally  connected  regions  such  that  all  viewpoints  of  a 
region  have  the  same  value  of  a  given  property  F1  (p.22,  ibid.). 
An  analysis  is  presented  of  a  particular  implementation  of  the 
property  sphere. 

The  viewpoint-modeling  approaches  mentioned  so  far  are 
motivated  by  the  ultimate  goal  of  performing  object 
recognition.  However,  similar  viewpoint  models  are  important 
for  another  purpose:  planning  camera  positions.  Planning 
future  viewpoints  will,  of  course,  be  part  of  most  object 
recognition  schemes.  Nonetheless,  it  may  be  viewed  as  a 
distinct  subgoal  of  object  recognition,  and  sometimes  as  a 
totally  independent  task. 

Thus,  in  contrast  to  the  approaches  mentioned  so  far, 
[Canny  84]  does  not  explicitly  model  the  various  viewpoints  of 
a  given  object.  Rather,  his  goal  is  to  characterize  "the  regions 
in  space  from  which  a  given  feature”  is  either  entirely  or  partly 
visible.  Working  in  the  context  of  3-D  mechanical  part 
inspection,  Canny  deals  with  the  question  of  planning  camera 
positions. 


4  Regenerate  Viewpoints  in  Theory 

it  it  is  to  be  useful,  a  representation  for  the  views  of  a  three 
dimensional  object  or  object  assembly  must  give  some  insight 
into  those  viewing  positions  which  are  less  helpfjl  in  resolving 
ambiguities  of  object  structure,  position,  or  orientation  We 
present  two  common  views  of  what  such  degeneracy  is,  show 
that  they  are  deficient,  and  redefine  them  in  ways  that  are 
more  quantifiable. 

For  now,  we  will  approach  the  problem  of  image 
degeneracy  purely  theoretically,  under  the  assumption  of  a 
camera  with  infinite  resolution  under  orthographic  projection. 
Later  we  will  make  resolution  finite;  and  although  we  will  not 
address  the  issue  directly,  we  will  occasionally  allude  to  the 
problems  of  perspective  projection. 


4.1  Slight  Movements  Giving  Drastic  Changes? 

Perhaps  the  simplest  example  of  ambiguity  is  the  case  of  a 
head-on  view  of  a  cube,  which  is  ideally  imaged  as  a  square. 
Such  an  image  has  often  been  noted  as  giving  no  information 
as  to  the  three-dimensionality  of  the  object,  and  has  therefore 


been  described  as  a  degenerate  image  (see  for  example, 
[Kanade  80;  Sabbah  82]  ).  Degeneracy  in  this  context, 
however,  refers  to  the  fact  that  a  "slight"  change  in  the 
viewpeint  which  generated  the  image  would  cause  a  "drastic" 
change  in  the  image  (sometimes  called  an  "image  event”). 

This  definition  (and  related  descriptions  of  what  makes  a 
viewing  position  ger  oral  or  an  image  characteristic 
[Chakravarty  82])  is  inadequate  in  two  ways: 

1.  It  is  vague  with  respect  to  the  meanings  of 
"slight"  ar.d  drastic". 

2.  It  dees  not  encompass  all  the  phenomena  that 
would  seem  to  be  properly  described  as 
examples  of  degeneracy. 

What  changes  drastically  in  the  cube-as-'  are  image  can 
be  characterized  in  many  ways:  the  ni.  er  of  rogions 
change,  the  topology  of  the  image  regions  is  wired,  apna:  mt 
symmetries  are  modified,  and  (if  lines  are  labeled  hi  the 
Huffman  Clowes  manner)  the  junctions  are  relabelled  (cf, 
[Lavin  74;  Thorpe  and  Shafer  83]).  Still  other  derived 
properties  of  the  image  change,  too.  More  generally, 
depending  on  the  means  of  analysis,  this  view  of  the  cube 
would  be  called  degenerate  if  a  slight  change  in  viewpoint 
would  alter  the  "quality"  of  the  ensemble  of  extracted  image 
features  used  in  shape  analysis.  A  rigorous  definition  of  this 
"quality'  change  must  then  include  the  requirement  that  a 
qualitative  change  is  one  that  ulti  nately  affects  the  derivation 
of  those  object's  "semantic"  properties  (such  as  identity,  scale, 
rotation,  coloring,  etc.)  considered  important  by  the  system. 

The  drastic  change  is  therefore  a  drastic  change  in 
interpretation,  not  in  image.  Therefore  the  perception  of  a 
drastic  change  can  vary  from  system  to  system.  For  example, 
if  the  system  distinguishes  cubes  from  spheres  by  detecting 
the  presence  or  absence  of  long  straight  lines,  the  cube-as- 
square  cannot  be  considered  degenerate.  (And,  in  fact,  if  the 
cube  is  the  only  model  in  the  system  at  all,  no  view  is  ever 
degenerate.) 

What  is  hiding  behind  this  implicit  definition  of  "drastic"  is 
the  interpretation  equivalence  relation;  a  drastic  change  is  a 
change  of  interpretation  equivalence  classes.  How<  ver,  since 
in  many  systems  the  interpretation  classes  are  inherited  from 
the  feature  equivalence  classes,  commonly  the  drastic  change 
has  been  attributed  to  image  characteristics  alone. 

Similarly,  the  notion  of  "slight  movement"  is  imprecise. 
What  is  usually  implicit  in  such  definition  is  that  there  is  at  least 
one  direction  in  which  an  arbitrarily  small  movement  of  the 
camera  causes  the  drastic  change.  (Usually  the  direction  is  on 
a  line  perpendicular  to  an  image  edge).  The  meaning  of 
"arbitrarily  small"  only  appears  to  make  sense  when  taken  in 
the  sense  oi  mathematical  analysis.  That  is,  the  drastic 
change  must  occur  for  positive  movements  of  magnitude  less 
than  some  epsilon,  in  the  direction  of  degeneracy. 

Such  a  definition  would  imply  that  degeneracy  can  be 
qualified  as  a  matter  of  varying  degree,  although  this  is 
apparently  never  stated.  That  is,  what  can  vary  from 
degeneracy  to  degeneracy  is  the  number  of  possible 
( 'qualitative")  drastic  changes,  and  the  relative  number  of 
directions  in  which  such  resolutions  (or  non  resolutions)  occur. 
Fui  example,  the  cube-as-square  image  can  resolve  itself  into 
an  image  with  either  two  or  three  regions,  with  the  two  region 
image  possible  only  for  four  discrete  directions  of  camera 


movement.  All  other  directions  resolve  it  into  an  image  with 
three  regions,  even  if  some  of  those  regions  are  vanishingly 
thin.  Further,  some  "degeneru.e"  ’lews  sometimes  do  not 
resolve  at  all,  For  example,  the  cube  imaged  as  two 
rectangles  remains  two  rectangles  for  two  discrete  directions 
of  movement,  resolving  itself  into  three  regions  under 
movement  in  all  other  directions.  The  space  of  allowable 
degeneracies  is  apparently  very  large,  and  perhaps  can  be 
quantified  in  absolute  terms  as  some  measure  defined  on  the 
ways  in  which  the  view  fails  to  resolve  into  something  more 
"characteristic”. 

The  converse  of  the  common  "small  gives  drastic"  definition 
is  perhaps  easier  to  implement.  This  converse  definition  is 
stated  as  follows:  An  image  is  seen  from  a  "general 
viewpoint"  if  there  is  some  positive  epsilon  for  which  camera 
movements  in  any  direction  can  be  taken  without  effect  on 
rejsui'  ng  semantic  ana'ysis.  Here,  too,  the  definition  is  eased 
uitimatey  on  system  peiformarice;  an  image  can  be 
degenerate  to  one  system  but  not  another.  Note  that  this 
definition  of  degeneracy  need  not  directly  appeal  to  any 
consideration  of  three  dimensional  models. 


4.2  Unlikely  Views? 

However,  even  this  definition  of  a  degenerate  viewpoint  is 
incomplete;  basically  it  says  that  generality  is  a  form  of 
stability.  However,  many  viewpoints  are  stable  yet  ought  to  be 
considered  degenerate,  at  least  in  the  sense  that  that  they  are 
less  likely  to  allow  a  system  to  instantiate  a  proper  model  than 
other  viewpoints  do. 

Consider  a  pyramid  with  a  square  base  and  arbitrary  height. 
(Customarily,  it  has  equilateral  triangles  for  its  sides,  but  we 
relax  that  restriction.)  Imaged  from  many  viewpoints  from 
below,  its  image  appears  to  be  a  type  of  rhomboid:  a  tilting 
square.  None  of  these  viewpoints  is  degenerate  according  to 
the  stability  definition  above,  since  a  slight  change  in  viewpoint 
does  not  cause  a  drastic  change  in  the  image;  it  merely  tilts 
the  rhomboid,  In  fact,  there  is  a  great  deal  of  viewpoint 
freedom,  and  many  views  appear  to  yield  the  same  semantic 
result:  a  partly  instantiated  pyramid  with  height  information 
largely  missing.  What  is  most  disturbing  about  su^h  views  is 
that  they  are  potentially  the  most  common.  For  a  vpiry  fiat 
pyramid,  such  rhomboids  appear  from  nearly  half  cf  a!?  viewing 
directions. 

Vet  it  seems  plausible  to  suggest  that  these  particular  views 
be  considered  at  least  partially  degenerate;  in  contrast  to 
some  other  views,  these  images  give  little  information  about 
how  to  instantiate  the  pyramid's  height.  (They  do  place  weak 
upper  limits  on  the  height:  the  peak  is  constrained  to  heights 
that  keep  it  invisible.)  Further,  if  our  model  base  were  more 
complete,  we  would  not  be  able  to  distinguish  such  a  view 
from  among  similar  views  of  a  triangular  wedge  with  square 
base,  or  any  similarly  tapering  polyhedron  with  a  square  base, 
despite  the  stability  of  our  vantage  point.  Thus,  we  may  wish  to 
include  in  our  definition  of  degeneracy  those  viewpoints  from 
which  "relatively  little"  three-dimensional  information  may  be 
obtained,  regardless  of  stability. 

Operationally,  this  aspect  of  degeneracy  can  be  quantified 
as  the  expected  number  of  additional  views  necessary  to 
disambiguate  the  object;  a  degenerate  view  is  therefore  one 
that  is  relatively  uninformative  and  will  require  more  images. 
This  number  clearly  depends  on  the  complexity  of  the  model 
data  base,  the  intelligence  of  the  system  procedures  for 
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determining  the  "best'  next  view,  and  the  (necessarily) 
heuristic  procedures  of  the  system  for  inverting  the  image 
projection  Again,  this  is  a  system  performance  definition,  and 
an  image's  degree  of  degeneracy  would  change  as  system 
parametets  change 

It  would  appear  that  this  definition  must  be  probabilistic.  It  is 
not  hard  to  conceive  of  objects  or  object  assemblies  in  which 
multiple  viewpoints  give  identical  images,  but  for  which  the 
resolution  into  a  single  interpretation  takes  varying  stm  rgic 
paths  depending  on  the  differing  image  features  that  can 
appear  in  the  second  view.  (Take  as  an  example  a  cube  with 
a  single  distinguished  face,  viewe  initially  so  that  only  one 
non-distinguished  face  is  visible.)  The  likelihood  of  taking 
each  path  can  be  quantified:  the  most  inclusive  measure  of  an 
image’s  degeneracy  would  be  then  be  its  probability-labeled 
search  tree.  Various  measures  based  on  the  full  tree  (one  of 

which  is,  of  course,  is  expected  depth)  could  also  serve  as  a 
measure  of  degeneracy.  Under  this  definition,  tree  breadth 
has  no  strong  role:  a  degenerate  image  can  resolve  itself  into 
hundreds  of  images,  but  as  long  as  each  new  image  was 
interpretable,  the  original  image  is  no  less  degenerate  than  the 
pyramid  viewed  from  below. 

It  is  interesting  to  note  a  paradoxical  consequence  of  this 
systems'  view  of  degeneracy.  As  a  system's  power  increases 
due  to  the  availability  of  more  sophisticated  shape  analyzing 
tools  (such  as  when  shape  from  skewed  symmetry  is  used 
with  shape  from  shading),  more  types  of  ambiguity  are 
possible.  Each  method  brings  with  it  a  weakness.  The 
implication  is  that  vision  systems  with  multiple  sources  of 
knowledge  must  know  when  to  ignore  a  source  undergoing 
degeneracy.  This  meta  knowledge  can  explicitly  coded,  or 
implicitly  handled  by  means  of  a  flexible  enough 
representation  that  permits  ''don't  know  much"  as  a  valid 
answer. 


5  Specific  Irraging  Degeneracies 

Considering  now  only  images  of  polyhedral  objects,  it  is 
possible  to  give  a  catalogue  of  image  degeneracies.  Each  is 
based  on  a  specific  heuristic  for  inverting  the  three-dimension 
to  two-dimension  image  function.  The  list  is  partial,  and  omits 
some  heuristics  that  aie  even  more  fundamental,  such  as  the 
generally  assumed  heuristic  rules  that  lines  in  the  image  have 
been  caused  by  lines  in  three-space.  (In  this  last  case,  this 
would  imply  that  any  planar  curve  imaged  from  within  its  plane 
would  often  be  considered  as  degenerate,  if  the  system  were 
unable  to  interpret  it  as  other  than  a  linear  object.) 


5.1  Vertices  Imaged  in  the  Plane  of  Scene  Edges 

Apparently  the  major  source  of  "degenerate  views"  in  the 
blocks  world  (see  Figure  1),  so-called  coincidental  alignments 
occur  when  the  image  of  a  vertex  appears  to  fall  on  the  image 
of  an  edge.  They  confound  the  basic  imaging  assumption  that 
three  or  more  lines  coincident  in  the  image  are  coincident  in 
the  scene.  If  the  scene  is  analyzed  using  labelling,  the 
labelling  will  fail.  The  image  is  then  degenerate  because 
another  image  is  required  In  theory,  such  coincidental 
alignments  have  probability  zero,  since  the  camera  must  lie  on 
a  specific  plane  (or  more  precisely,  in  the  infinite  intersection 
of  two  co  planar  half  planes). 


“’see  Figure  5. 


5.2  Parallel  Scene  Lines  Imaged  in  Their  Own  Plane 

This  is  one  of  the  degeneracies  observed  with  the  cube2.  It 
violates  the  heuristic  that  colinear  in  the  image  implies  colinear 
in  the  scene,  a  heuristic  often  not  used.  Hence,  it  is  system 
sensitive.  In  theory,  it  also  has  probability  zero,  although  the 
camera  placement  is  somewhat  more  free  than  in  the  case  of 
vertex-on-edge. 

5.3  Coincident  Scene  Lines  Imaged  in  Their  Own 
Plane 

This  is  a  special  case  violation  of  linear  in  the  image  implies 
linear  in  space.  Again,  this  is  system  dependent  and  has 
probability  of  zero. 

Figure  6  illustrates  one  example  of  this  degeneracy  while 
viewing  a  pyramid. 


5.4  Perfect  Symmetry 

This  is  an  interesting  extreme  case,  and  one  apparently 
avoided  by  professional  photographers  as  it  appears  to  flatten 
relief3.  It  is  apparently  based  on  the  heuristic  that  symmetry  in 
the  image  implies  symmetry  in  the  scene  perpendicular  to  the 
line  of  sight.  Analogous  to  what  happens  when  a  cube  is 
imaged  as  two  congruent  rectangles,  it  is  often  degenerate 
since  perfectly  symmetric  images  lack  the  cues  tc  depth  that 
broken  (skewed)  symmetries  provide.  It  has  a  probability  of 
zero  of  occurring  ideally,  although  the  camera  now  has  the 
freedom  to  move  in  at  least  one  entire  plane. 


6  The  Effect  of  Finite  Resolution  on  Specific 
Imaging  Degeneracies 

The  various  viewing  points  for  our  camera  may  be  modeled 
as  points  on  a  viewing  sphere  at  whose  center  lies  the  object 
of  interest.  Therefore,  in  the  ideal  case  of  the  cube  with  infinite 
resolution  under  orthography  (or,  for  that  matter,  under 
perspective)  there  are  precisely  six  viewing  directions  from 
which  we  see  exactly  one  face  of  the  cube  and  no  more. 
Similarly,  a  family  of  three  mutually  orthogonal  great  circles 
which  intersect  at  these  six  points  determine  the  set  of 
directions  from  which  we  would  see  exactly  two  faces  of  the 
cube.  Anywhere  else  on  the  sphere  we  see  three  faces  (see 
Figure  2).  A  point  on  the  sphere  chosen  at  random  will  be  a 
viewpoint  imaging  three  faces  with  probability  1 . 

Of  course,  any  real  system  will  have  only  finite  resolution. 
How  this  resolution  is  measured,  and  how  repeatable  it  is,  can 
vary  depending  on  application.  For  the  cube,  resolution 
appears  to  be  the  ability  to  separate  two  nearly  concurrent 
parallel  lines  into  their  separate  sources.  (Under  perspective, 
the  parallel  lines  would  only  be  nearly  parallel.)  Assuming  this 
resolvability  of  parallels  is  independent  of  the  line  segment 
lengths  (admittedly,  this  is  somewhat  unrealistic),  then  the 
zero  probabilities  of  degeneracy  become  finite  On  the 
viewing  sphere,  the  great  circles  have  become  bands,  and  the 
points  of  single  face  viewing  have  become  spherical  squares. 
(See  Figure  3).  Their  relative  areas  (and  hence  the  probability 
of  degeneracy)  are  straightforward  to  compute  in  terms  of 
camera  acuity.  The  less  accurate  the  camera,  or  the  farther  it 
is  away,  or  the  smaller  the  object,  the  larger  the  likelihood  that 
a  viewpoint  is  degenerate.  In  the  extreme,  the  bands  merge, 
and  no  viewpoint  sees  a  "characteristic"  view:  the  images  are 
infinitely  degenerate. 


3we  provide  a  straightforward  example  of  perfect  symmetry  in  Figure  7. 
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The  edges  of  the  bands,  however,  cannot  be  sharp. 
Although  the  bands  padition  the  surface  of  the  viewing  sphere, 

their  borders  represent  those  viewing  directions  at  which 
parallel  lines  are  ''first11  seen  as  two  lines.  Given  camera 
inaccuracy  and  noise,  this  transition  to  resolvability  cannot  be 
sudden.  Depending  on  the  camera  and  the  accuracy  of  the 
algorithms  processing  its  data,  repeatability  may  best  be 
represented  by  a  fuzzy  boundary  Thus  instead  of  each  point 
on  the  sphere  having  a  label,  it  has  a  vector  of  (label, 
likelihood)  pairs  Each  degeneracy  region,  then,  fades  away  in 
likelihood  as  it  extends  farther  from  its  ideal  point  or  great 
circle  The  actual  computation  of  the  shape  of  this  probability 
density  depends  on  the  image  heuristic  used  for  image 
function  inversion,  as  well  as  some  measure  of  camera  and 
software  precision.  Nevertheless,  the  relative  size  of  the 
integral  of  probability  over  the  partition  can  give  an  accurate 
estimate  of  the  likelihood  that  a  particular  view,  degenerate  or 
not,  will  be  visible  after  a  random  camera  placement. 

Thus: 


6.5  Comments 

In  a  sense  these  aspect  maps  are  property  spheres,  where 
the  property  is  a  type  of  degeneracy.  Computing  them 
demands  substantial  computational  time  and  storage  [Besl 
and  Jain  85);  both  would  benefit  from  a  hierarchic,  trixel-like 
approach.  Note  that  since  the  sphere  is  topologically 
equivalent  to  the  extended  plane,  all  such  rnanr,  can  be  drawn 
as  planar  graphs  [Werman,  Baugher,  and  Guu'tieri  86]  (See 
Figure  4,  where  the  “standard"aspeci  faph  has  been 
augmented  to  show  all  possible  transitions  out  of  degenerate 
views,  as  alluded  to  in  [Castore  84]4). 

The  finite  resolution  aspect  maps  of  several  polyhedral 
solids  appear  to  be  isomorphic  to  semiregular  polyhedron  of 
toe  class  of  "Stott"  figures,  described  in  [Stott  10].  They  have 
the  pleasant  property  that  each  has  a  Hamiltonian  circuit 
[Miller  71],  placing  a  firm  lower  bound  on  the  complexity  of 
disambiguating  an  object  given  its  image  and  some  finite 
resolution  image  feature. 
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6.1  Vertices  Imaged  in  the  Plane  of  Scene  Edges 

The  system  must  separate  vertices  from  lines.  Assuming  a 
basic  radius  of  confusion  around  the  vertex,  under  orthography 
the  degeneracy  region  on  the  sphere  is  a  band  segment.  The 
band  width  is  inversely  proportional  to  accuracy,  but  the  band 
position  on  the  viewing  sphere  and  its  angular  extent  are 
determined  by  the  geometry  of  the  scene.  Basically,  the  band 
segment  lies  in  the  infinite  intersection  of  two  co-planar  half¬ 
planes  determined  by  the  vertex  in  the  scene  and  the  line  in 
the  scene.  Thus,  the  viewing  sphere  of  a  polyhedral  assembly 
of  object  is  criss-crossed  with  such  bands;  there  are 
approximately  as  many  as  there  are  vertices  times  the  number 
of  edges.  (Not  quite  true;  both  the  vertex  and  the  edge  must 
be  visible.)  Degenerate  views  are  therefore  rather  common  in 
practice,  and  become  more  so  as  the  camera  recedes. 

6.2  Parallel  Scene  Lines  Imaged  in  Their  Own  Plane 

Again,  this  is  the  case  of  the  finite  resolution  cube, 
assuming  that  parallelism  detection  is  independent  of  line 
length.  The  degeneracy  region  is  a  band.  This  is  likely  to  be  a 
common  source  of  degeneracy  it  tne  imaging  environment 
responds  strongly  to  gravitational  influences:  thare  will  be 
many  parallel  vertical  lines. 


7  Relative  Probabilities  of  Viewpoint  Classes  for 
the  Cube 

We  might,  in  a  given  situation,  wish  to  know  the  probability 
of  reaching  a  particular  class  of  viewpoint,  given  a  random 
decision  as  to  "where  to  go  next."  For  the  case  of  the  cube, 
we  can  obtain  the  probabilities  of  1,  2,  and  3-faced  views,  by 
using  spherical  geometry  to  calculate  the  relative  surface 
areas  on  the  viewing  sphere  of  the  3  regions  described  above 
(square,  rectangular,  and  triangular  patches). 

An  analysis  of  the  cube  shows  that  these  probabilities  are 
generally  a  function  of  system  resolution  only,  independent  of 
the  distance  from  the  object.  Systems  capable  of  higher 
resolution  will  generally  be  less  likely  to  yield 
"uncharacteristic"  views,  as  one  would  expect.  The  details  of 
our  analysis  are  presented  in  Appendix  I. 


8  Minimal  Disambiguation  Distance 

Transitions  between  the  various  regions  of  the  sphere 
represent  what  [Koenderink  and  van  Doom  79]  term  a  "visual 
event".  Only  such  a  transition  is  capable  of  yielding 
qualitatively  new  information.  Thus  these  transitions  clearly 
represent  a  useful  change  of  viewpoint,  which  would  be  worth 
paying  for  in  terms  of  traveling  distance. 
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6.3  Coincident  Scene  Lines  Imaged  in  Their  Own 
Plane 

This  source  of  degeneracy  depends  on  the  accuracy  of  an 
angle  detector.  The  region  of  degeneracy  is  again  band-like, 
with  width  depending  on  the  detector,  and  position  depending 
on  the  scene;  the  center  of  the  band  lies  in  the  same  plane  as 
the  lines.  The  exact  configuration  is  heavily  dependent  on 
actual  system  performance  It  may  be  a  common  source  of 
degeneracy  in  the  blocks  world. 


6.4  Perfect  Symmetry 

Again,  this  is  heavily  dependent  on  detector  performance, 
but  it  probably  appears  as  a  fairly  wide  (but  less  probable) 
band  centered  over  the  axis  of  symmetry  The  relatively  large 
width  comes  from  the  fact  that  symmetry  is  a  global  property 
and  i»s  axis  is  therefore  hard  to  localize. 


For  the  purposes  of  minimizing  the  dirtance  traveled  in 
obtaining  further  images,  it  will  be  useful  to  quantify  the 
minimal  distance  we  must  travel  on  our  viewing  sphere,  to 
ensure  that  we  will  experience  a  visual  event.  If  we  reach  a 
characteristic  view  from  which  an  image  has  not  yet  been 
obtained,  then  we  will  maximize  the  probability  that  any 


4ln  particular,  we  have  added,  without  loss  ot  planarity,  the  direct 
transitions  between  regions  where  1  face  is  visible,  and  regions  where  3 
faces  are  visible.  We  noticed  that  in  their  excellent  survey  on  3D  object 
recognition,  [Besl  and  Jain  85,  p.  89]  did  not  show  such  transitions  in  their 
aspect  graph  of  a  cube,  nor  did  their  analog  appear  in  the  aspect  graph  of 
a  tetrahedron,  presented  by  Koenderink  and  van  Doom.  For  an  interesting 
discussion  of  the  relevance  of  such  transitions  to  robotic  vision,  see  the 
remarks  of  N.  Badler  in  [Castore  84] 
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degeneracy  will  be  disambiguated  by  the  new  information..  In 
the  case  of  our  viewing  sphere  of  a  cube,  this  would  mean 
ensuring  that  a  3  faced  image  is  obtained. 

Using  the  assumptions  of  orthographic  projection,  we  can 
easily  quantify  this  minimum  distance.  For  a  fixed  viewing- 
sphere  radius  of  resolution  n  (i.e.  n  is  an  absolute  number 
equal  to  the  number  of  pixels  our  object  will  occupy  in  the 
image),  the  distance  we  must  travel  along  the  viewing  sphere 
is  equal  to  the  product  of  the  length  of  the  radius  and  the 
arcsin  of  ( 1/n)  radians5. 


9  Closing  Observations  and  Possible  Future 
Research 

Calculating  the  number  of  necessary  views  and  the  effort  to 
obtain  them  is  a  formidable  task.  In  some  senses  it  resembles 
the  design  of  part  feeders  [Natarajan  86]:  that  is,  given  an 
unknown  position  on  the  viewing  sphere,  determine  what 
series  of  camera  movements  would  inevitably  lead  to  a 
distinguished  configuration,  namely,  the  acquisition  of  all 
relevant  semantic  information  about  an  object  or  object 
assembly.  E  i>en  assuming  one  knows  perfectly  where  one  is 
on  the  viewing  sphere,  the  determination  of  even  the  distance 
to  the  nearest  visual  event  is  complex,  given  its  probabilistic 
nature.  Circumstances  are  easy  to  construct  (for  example, 
when  the  object  is  too  small)  where  it  is  actually  impossible. 

The  aspect  map  can  be  augmented  with  other  information. 
It  can  incorporate  probabilities  such  as  the  likelihood  of  a  given 
gravity-induced  preferred  orientation,  or  it  can  be  convolved 
with  a  placement  uncertainty  spread  function.  The  spread 
function  can  be  variable,  itself  incorporating  such  information 
as  the  robotic  work  space  or  other  constraints  on  placement 
motion.  A  search  for  the  optimal  next  view  could  then  also 
minimize  camera  placement  error  and  also,  by  related 
methods,  camera  placement  costs. 

Such  algorithms  would  be  particularly  valuable  if  ways  exist 
to  formally  combine  the  aspect  maps  of  individual  objects  to 
create  the  aspect  map  of  an  object  assembly.  Thus,  from  a 
few  primitives  and  a  little  knowledge  of  the  robotic  placer  and 
its  workspace,  a  single  representation  could  direct  active 
sensing.  Whether  or  not  such  a  representation  is  ultimately 
practical,  it  has  nevertheless  been  helpful  in  elucidating  the 
meanings  of  "general  viewing  position"  and  "degenerate 
view '. 
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Appendix  I 

Probabilities  for  the  3  Viewpoint  Types  of  the  Cube 


[Requicha  80] 


[Sabbah  82] 


[Scott  84] 


[Stott  10] 


These  probabilities  will  be  calculated  by  finding  the  relative  surface 
areas  on  the  viewing  sphere  for  the  three  kinds  of  regions  (see 
Figure  1).  Thus,  our  first  goal  is  to  find  the  surface  areas  of  the  three 
regions  on  the  viewing  sphere. 


[Natarajan  86]  Natarajan,  B 

Motion  Planning  and  its  Dual. 

PhD  thesis,  Cornell  University,  Department 
of  Computer  Science,  1986, 
forthcoming. 


We  start  by  examining  one  of  the  3  orthogonally  intersecting 
equatorial  bands.  To  find  the  surface  area  of  one  such  band,  we  use 
the  surface  area  integral  for  revolving  the  graph  of  a  non-negative 
parametric  function  around  the  X  axis,  where  x  and  v  are 
continuous,  and  x  remains  positive: 
for  40,  >■((),  t  e  |c,4| 
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I nangularPatch  1  SquarePatch  +  1  ReclangularP atch  J 


In  our  case,  we  generate  a  sphere  of  radius  r  by  revolving  about  the 
x  axis  the  ^fQliowing  parametric  arc:  x(t)  =  rcos(t),  >■(/)=  i-sin(i),  for 


«  6  [f.=  H  0] 


Thus,  we  have  the  desired  surface  area,  S,  as: 

C 2+e  - - 

S  =  2rc  2  r  sin  t  Vr2  (sin 2 i  +  cos2i)  dt 


=  2n  r2  \  2  sin  t  dt 


p. . 

/  riangular  Patch 


1  3  sin  0  + 


6  0  sine 


Appendix  II 


Derivation  of '0,  the  Minimum  Disambiguation  Anglo’ 


(2nr2  cos  t 


SBand  =  4  n  r2  sin  0. 

For  the  square  patches,  multiply  the  above  quantity  by  the  ratio 
2^  “  ;  ■  ''e-  'he  ra,'°  of  the  curved  square  length  to  the 

circumference  ("great  circle")  of  the  sphere. 


SSquare=4  ^  ^  Sin  0 


For  the  probability  that  a  random  viewpoint  will  be  from  one  of  these 
regions,  multiply  by  6  the  number  of  such  regions,  and  divide  by  the 
total  surface  area  of  the  sphere,  4  w2. 


SquiircPatch 


6  0  sinO 


Now,  to  get  the  probability  that  we  are  in  one  of  the  bands,  but  not  in 
a  square  patch  (i.e.  that  we  see  exactly  2  faces),  multiply  SBand  by  3 
(the  number  of  such  orthogonal  bands),  subtract  the  6  square  single' 

face-view  regions1,  and  divide  by  the  total  surface  area  of  the 
sphere: 

3  ( 4 7t r2 sin 0)  -  6  (4r2Osin0) 

4itr! 


hooking  at  line  RG  (passing  through  point  F): 

A'c  =  rcosft , 


V’c  =  r  sin  0  , 

1  lie  slope  of  line  RG  is  —  (d  +  r  sin  a)/(r  cos  r>),  where  n  is  defined 
such  that  n  =  J  -  0,  and  the  y-intcrcept  is  d.  Hence,  the  equation  of 
tine  HG  is: 

f—d  +  r  sin  a  N 

V  =  -  A  +  d 

\  r cos  q  / 

to  find  A >,  we  intersect  RG  with  the  line  y  =  s: 


'I  his  yields 


(  —d  +  ;•  sin  n  \  ,, 

'  —  ®  —  ( - )  A  r  +  d . 

\  r  cos  o  J 


(d  —  s)  coso 

A  r  =  — v- — -T- — 

d  +  rsin  rr 


However,  for  the  purposes  of  this  derivation,  we  shall  assume  that 
object  size  in  much  smaller  than  the  viewing  distance,  i.e. 


aim  m  turn", 

d>  r. 

So  long  as  this  assumption  is  correct,  we  may  simplify  our  equation 
for  Yf-  as  follows: 

(d  —  s)rcoso 

_r — . 

Similarly,  looking  at  tine  GQ  (which  continues  through  point  E), 

A  o  =  -  Yc  —  r  sin  r>  , 


/>.  _  3  sinO  (rt  -  20) 

HectanguIarPatch  - - 

K 


Once  we  have  calculated  />,.  ,,  ,  and  P„  wp  ran 

calulate  the  probability,  of  being  in  one  of  the  8 

triangular  regions  from  which  3  faces  of  the  cube  will  be  visible.  We 
simply  subtract  from  1  the  probability  of  being  in  any  other  region 
That  is  to  say 


since  the  band  and  square  regions  are  not  disjoint,  we  must  make  sure  not  to 
count  the  square  patches  twice! 


V/>  =  A'c  =  r  cos  o  . 

We  proceed  to  find  the  slope  of  line  GQ  and  its  y-intcrcept,  yielding 
the  equation  of  line  GQ F  as 


Intersecting  line  GQE  with  the  line  y  —  si  we  find  that 

(rf  — *)rsinn 

A  /:  — j - - — - 

d  —  r  cos  o 


1 1 ’•"utll.-sl  angle  of  movement  »i  j  tile  Viewing  Sphere  which  will  guarantee 
1  '  'v,'al  event  while  viewing  the  ruhe.  .vote  that  we  assume  peespecti  ve  prnje,  tion. 
3t'iiicc  r  i.s  defined  ,is  v/T-r 


Tjpeael  by  AjigS  Ij  X 
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Again,  under  the  assumption  of  object  size  being  much  smaller  than 
viewing  distance,  this  simplifies  to 

( d  —  s)r  sin  a 
Xe  *  — 1 — 

Now  we  wish  to  find  0,  such  that  the  distance  taken  up  in  the  image 
between  the  2  cube  corners,  Q  and  R,  is  one  pixel.  This  is,  in  fact, 
the  fundamental  constraint,  based  upon  which  we  are  attempting  to 
determine  the  disambiguation  angle  for  movement  along  the  viewing 
sphere  which  will  guarantee  the  “visual  event”  of  (heretofore  hidden) 
face  BC  becoming  visible  in  the  new  position  of  face  QR 

The  precise  definition  of  this  constraint,  is  that  segment  YZ  in  the 
image  plane  should  take  up  a  fraction  of  Rll  inversely  proportional 
to  the  total  number  of  pixels  in  the  image  of  the  unrotatcd  cube  side. 
Thus, 

Xf  ~  Xe  =  ~(2s)  • 
n 

Combining  this  with  previous  equations  yields 

V2 

cos  a  —  sin  a  =  - . 

n 

However,  using  the  definition  of  a  =  \  —  0,  we  can  simplify  by 
trigonometric  substitutions,  in  terms  of  0,  eventually  arriving  at 

cos  a  —  sin  a  =  \Pi sin  0  . 

Combining  with  previous  results  yields  the  final  solution  of  0  in 
terms  of  the  system  resolution,  n: 

sin  f?  =  -  . 


Figure  2 

Cube  at  center  of 
the  "viewing  sphere" 
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Figure  1.  Scattering  by  Colorant  Particles 

K  ubclka-M  link  (K-M)  theory  [  15)  is  a  general  math¬ 
ematical  1. 1 cal. incut  ol  scattering  and  absorption  in  col¬ 
orant  layers.  I  lie  KM  theory  assumes  that  a  colorant 
layer  is  coni  posed  of  a  large  number  of  optically  identi¬ 
cal  elementary  layers.  I  lie  thickness  of  each  elementary 
layer  is  small  compared  to  the  thickness  of  the  entire 
colorant  layer,  but.  is  large  compared  to  the  diameter  of 
individual  colorant  particles.  I  Inis  it  is  not  necessary  to 
model  the  optical  properties  of  individual  colorant  parti¬ 
cles.  I'li o  ellects  of  many  colorant  particles  are  modeled 
by  the  properties  of  an  elementary  layer.  An  elementary 
colorant  layer  is  cliaracl eri/.ed  by  the  parameters  a  and 
a.  a(\)  is  the  fraction  of  light  which  is  absorbed  per 
unit,  path  length.  17(A)  is  the  fraction  of  light  which  has 
its  direction  reversed  by  scattering  per  unit  path  length. 
Ilotli  <t  and  a  are  functions  of  wavelength.  The  model 
gives  rise  to  simultaneous  first  order  ililfcrciil ini  equa¬ 
tions.  These  equations  can  be  solved  to  give  expressions 
fo-  the  relleetance  and  transmission  of  a  colorant  layer. 

The  original  Knhclka-Munk  theory  makes  several 

limiting  assumptions.  Pile  original  theory  ass . .  the 

boundary  condition  of  dilfusely  incident  light.  This  is 
an  unrealistic  assumption  for  most  real  situations.  The 
original  K-M  theory  also  assumes  Mini  the  vehicle  con¬ 
taining  the  colorant  particles  has  an  index  of  refraction 
equal  to  that  of  air  Phis  assumption  eliminates  the 
need  to  consider  internal  and  external  reflections  at  the 
nil- vehicle  interface.  Midori  iimitcly,  this  assumption  is 
ulso  not  very  realistic. 

I  lie  original  Knhclka-Mnnk  theory  has  been  ex¬ 
tended  by  Ifcichmnn  19’  to  eliminate  the  need  for  these 
unrealistic  assumptions.  Ueiehman  derives  mi  expres¬ 
sion  for  the  reflectance  of  an  inhomogeneous  material 
which  is  valid  for  collimated  light  at  any  angle  of  in¬ 
cidence  Iteiehman  also  uses  a  method  developed  by 
Orchard  (18  to  lake  into  account  both  internal  and  cx- 
t  'dial  relict  lions  at  the  air  vehicle  interface. 

For  our  purposes,  we  consider  opaque  colorant  lay¬ 
ers  composed  of  isotropic  seatterers.  For  light  incident 
at  an  angle  Oi,  the  extended  K  M  theory  describes  the 
body  relied, mice  R  d  as 


v  here  Jig  is  the  specular  relleetance  given  by  (2.0).  r , 
is  the  internal  di II use  surface  relleetance  approximated 
Iq  Orchard  [18]  its 


r  0.5001  0.7099n  -|  0.33l9n2  0.0G3Gn3 

n2 

(2  8) 

where  n  is  the  index  of  refraction  of  the  vehicle,  bet  w 

he  the  scattering  albedo.  /?,x  is  the  relleetance 
predicted  by  original  K-M  for  dilfusely  incident  light  and 
is  given  by 


R 


OO 


2  —  -  2  \/ 1  —  «i 

tii 


(2.9). 


F  and  0  result  from  the  solution  of  Heiehmun’s  dill’er- 
eiitinl  equations  and  arc 


tii  cos  0/(2  cos  0)  -f  I ) 
1-4(1  tn)  cos2  0[ 


(2.10) 


2  cos  0i  1 
2  cos  0 1  |-  1 


(2.11) 


One  very  special  case  of  Ibis  model  is  conservative 
scattering  (also  called  bambertian  scattering)  for  which 
te(A)  1  for  nil  visible  wavelengths.  A  Lambertian  scat- 
lering  model  is  frequently  assumed  in  computer  vision. 


2.3.  The  Reflectance  Model 


(liven  onr  models  of  both  interface  and  body  reflec¬ 
tion,  we  can  quantify  I  he  relleetance  II  as 


R-Rs  +  lh 3  (2.12) 

where  Rg  is  the  Fresnel  relleetiou  term  ami  R n  is  the 
Knhclka-Munk  body  relleetiou  term.  The  power  of  the 
light  re  licet  ed  from  n  surface  ill  a  single  wnvelengl  h  A„ 
towards  a  viewer  is  then  given  by 


/( An)  /f(A„)/,(A„)  (2.FJ) 


where  /.(A)  quantities  the  power  of  the  incident  light 


3.  Image  Irradinnce  and  Geometry 

i:n  ,  iriadi  lice  is  a  siugl 


e  measure  of  how  much 


v:silili'  light  ,  trikes  an  area  of  an  image,  It  is  d>  lined  as 
power  per  unit.  area.  Image  irradiance,  therefore,  con¬ 
tains  no  (I i reel,  information  about  the  color  of  (lie  light 
sinking  the  image,  i.e.,  many  dill'cmit  spectral  distri¬ 
butions  of  light  will  give  the  same  image  irradiance.  In 
this  section  we  describe  the  relationship  between  image 
irracliam  and  geometry  for  both  ideal  specular  surfaces 
and  ideal  diiTnse  surfaces.  We  note  that  Rs  in  (2.12)  is 
defined  relative  to  an  ideal  specular  surface,  while  llu 
in  (2.12)  is  defined  relative  to  an  ideal  diffuse  surface. 

3.1.  Fresnel  Reflection 

We  begin  bv  analyzing  the  properties  of  image  irra- 
diance  for  a  perfectly  specular  surface.  In  this  limiting 
case,  all  light  incident  on  the  surface  will  he  reflected  in 
sni'li  a  way  that  0„  0(  and  /. ,  A; ,  and  I  lie  in  the  same 

plane  (I  igure  2). 


when-  <11  is  tin-  image  area  corresponding  to  the  surface 
area  dA. 

Hie  ratio  ‘'ii  is  determined  by  the  imaging  geome¬ 
try  (Figure  3) 


Figuio  3.  The  Imaging  Geometry 


\  JL/ 


N 

A 


Figure  2.  The  Reflection  Geometry 

'I  Inis,  all  light  incident  cm  a  surface  point  from  a  single 
direeliou  will  be  reflected  in  a  single  (lin'd ion. 

Consider  a  small  source  of  radiance  L,  and  asm  face 
patch  clA.  I’l.cn  the  power  of  the  light  incident  cm  dA  is 
given  by 


<!>  L.cosO i<IA<.lw ,  (3.1) 


where  <hi>,  is  the  solid  angle  of  the  source  as  viewed 
from  dA.  if  f>  is  taken  to  be  the  azimuthal  angle,  with 
i/;  tl  corresponding  to  the  direc  tion  <>l  llu  projection 
of  1  onto  'lie  tangent  plane  to  I  lie  surface,  then,  by 
assumption,  all  of  the  incident  light  will  he  reflected  in 
the  direction  ()„  Oi ,  c />  0  If  our  imaging  system 

is  aligned  in  this  direction,  light  of  power  'I'  will  pass 
through  tin  lens.  I  >r  any  other  position  F,  no  light  from 
c  I A  will  enter  the  lens  and  image  irradiance  resulting 
from  light  clIccLcd  fiom  cl  A  will  be  zero.  Assuming  no 
losses  in  the  lens,  image  irradiance  F/  will  be  given  by 


L,cosOi<l  \dw , 
<11 


c/,1  rosft 

dl  rosy  \  /  / 


(3.3) 


giving 


/.  ,cosfl  icon  (is  2<lu>, 
rosy  J  - 


(3-4) 


2 

For  most  real  imaging  situations,  will  be  large 
and  we  will  measure  a  large  image  irradiance  for  the  case 
of  perfect  spec  ular  relied  ion. 


3.2.  Colorant  Layer  Scattering 

A  perfectly  clifl'iisc  (Lambertian)  surface  reflects  all 
incident  light  in  such  a  way  that  the  perceived  bright¬ 
ness  of  a.  surface  element  is  constant  with  respect,  to  V. 
Consider  a  small  source  oT  radiance  L,  with  solicl  an¬ 
gle  d tu,  as  viewed  from  a  surface  patch.  The  surface 
irradiance  is  then  given  by 

l-s  L,cosO  i<lw,  (3-5) 

From  our  deliiiiliou  of  a  perfectly  clil  iisc  surface, 

I  he  Indirect  ioual  reflec  tanc  e  I!  mil  I  be  a  constant, .  Since 
this  siii  lace  rclled.s  all  incident  light,  the  light  reflected 
into  the  viewing  hemisphere  nnisl  etpial  /■ -S.  I'hercforc, 
we  have 


II L  lrosOiduilcosO  vsiitO  „d0 „<l<j> 


l.  ,cosO (dwt 


(3-6) 


where  sinO  „iW  „<!</<  is  the  solid  angle  of  a  patch  of  size 


<!> 

dl 


(3.2) 


odorant  layers.  These  characteristics  arc  described  by 
t. lie  parameters  cr(A)  and  <t ( A ) .  In  the  limit  mg  case  of  a 
I  nnberti-rm  surface,  reflectance  is  constant  with  respect 
to  wavelength  Thus,  a  true  Lambertian  surface  will 
always  appear  while.  On  the  other  hand,  t.h<  colorant 
particles  in  real  materials  tend  to  selectively  alv.irli  cer¬ 
tain  wavelengths  of  light,  while  transmitting  others.  This 
selective  absorption  is  the  primary  cause  ol  the  variation 
of  It  a  with  A. 


4.2.2.  Geometrical  Effects 

We  have  already  observed  that  the  color  of  a  Lam¬ 
bertian  surface  is  constant,  with  respect  to  geometry.  Al¬ 
though  (2.7)  implies  that,  in  general,  the  color  of  light 
scattered  from  the  body  of  a  material  depends  on  ge¬ 
ometry,  this  dependence  is  usually  small.  Figure  4  is 
a  plot  of  It  ii  (I), )  for  diirerent,  values  of  the  scattering 
albedo  w.  I  lie  line  with  It n(0i)  I  corresponds  to  the 
conservative  scattering  case. 


nr. 


Oi  (degrees) 

Figure  4.  liri(Oi) 


l\V  the  function  /, ( \ ) .  Therefore,  at.  each  image  point 
we  have  the  measured  values  s,  (0  <  i  c  n  1)  given  by 


J  f,(\)l(\)d\  (5.1) 


where  A  ranges  over  the  ent  ire  elect  ronwvgnctie  spec¬ 
trum.  For  our  purposes  the  filters  /,( A)  will  be  nonzero 
onlv  for  values  of  A  in  the  visible  range  (i  e.  100  mil 
A  7011  inn). 

Suppose  we  approximate  the  function  /(A)  by  a  lin¬ 
ear  combination  of  m  basis  functions  /j(A).  If  we  let  aj 
be  the  components  ol  /(A)  on  this  basis,  then  we  have 


/(A)*  E  «/,(*) 


(5.2). 


Snbst.il tiling,  (5.1)  becomes 


/  /.(*)(  E 

J  \  \ 


(I  <  )  <  m  —  1 


(A)  It/A  (5,3) 


which  may  be  written 


s, 


/,(A)/,(A)t/A)  (5.4) 


ll<J<m  1 


Let 


A',;  j  f,(\)r,(\)d\  (5.5) 


I\  tj  is  a  constant 


denote  the  integral  in  (5.1).  Tlmn 
which  depends  only  on  the  illi  filter  function  and  the 
jlli  basis  function.  Let  ,s  be  flic  n-dimciisioiiid  vector 
<b  lined  by  s(i)  Let  A  be  the  n  x  in  constant  matrix 

dclined  by  /v(r,j  )  A  tJ .  Let,  a  lie  the  in  dimensional 

vector  defined  by  «(»)  a,.  Then  we  have  the  linear 

system  of  n  etpiations 


II,  COLOR  RECOVERY  AND  REPRESENTATION 


K  a 


(5.6). 


We  now  begin  the  second  major  part  of  this  paper, 
In  the  next  four  sections,  we  develop  methods  for  the 
r  eovery  and  representation  of  color. 

5.  Recovering  the  Function  /(A) 

in  ibis  section,  we  describe  a  method  for  recovering 
the  function  /(A)  at  a  point  in  an  image.  At  each  image 
point,  we  measure  the  outputs  x,  of  n  sensors.  Each  sen¬ 
sor  Inis  a  cert ain  wavelength  sensitivity  which  we  denote 


If  we  elmose  our  filters  /,( A)  and  basis  functions  /,(A) 
Midi  t lint  A  Inis  maximal  rank,  then  the  n  sensor  out 
puts  .in,  S| , s„  j  uniquely  determine  n  components 
da ,  a  | , ...,  a  ,  |  of  /(A).  Therefore,  by  letting  in  n  in 
(5.6)  we  ran  recover  an  estimate  of  the  function  /(A)  on 
flic  basis  lj(  A). 


<».  Selecting  the  Sensors  /,( A) 

Give  tile  recovery  technique  described  in  section 


5,  we  examine  how  a  careful  choice  of  the  sensors  /,(A) 
enn  improve  the’ quality  of  our  recovered  approximation 
to  l(\).  In  srrlinn  5,  we  surest  eil  only  tlinl  I  lie  sensors 
f,(\]  should  l>e  elmsen  sneli  t.lml  l\  hits  maximal  milk. 
In  litis  section,  wo  derive  expressions  for  the  /, ( A )  which 
guarantee  we  will  recover  the  least,  error  polynomial  ap¬ 
proximation  to  /(A). 

Since  we  tire  considering  a  polynomial  approxima¬ 
tion  to  /(A),  we  choose  onr  m  basis  functions  7;( A)  to 
span  the  space  of  polynomials  of  degree  less  than  lit. 

We  detine  tin  le  isl  error  poly  not nial  approximation  to 
he  the  choice  of  tl,  which  minimizes 

/  /(A)  V  d,A']\/A  (6.1) 

J  I  ^  ■* 

1  IK  i<  m  1 

where  for  convenience  we  have  sealed  the  visible  spec¬ 
trum  to  be  the  range  J  <  A  <  1. 

\ny  polynomial  of  degree  less  than  in  can  he  writ 
ten  as  a  linear  combination  of  the  lirsl.  m  Legendre  poly¬ 
nomials  [ -r» j .  Let  it’  he  the  coellicicnl.s  of  tin  least  error 
polynomial  on  the  basis  of  iiorinali/td  Legendre  polvno 
minis  p,(A)  given  by 


wln  re  /’, ( A )  is  the  Legendre  polynominl  of  degree  i.  The 
functions  p,(  A)  are  normalized  in  the  sense  I  lnil 


J  [?<(*)]' 


,1 A  l 


The  eonstaiits  «*  minimize 


'(y> 


"il'ii  A)  <L' 


<l\  (6.1) 


Define 


.  J  /( A);»,(A)t/A. 


I  lien  using  ((1.5)  and  the  orthogonality  of  Legendre 
polynomials,  (0/1)  may  he  written 


/’  f  |  / 2 ( A )  V  2a' r,  t  V  (a,*  )'’]</ A 

~  1  ns:  s ...  i  itc'.c'...  i 


/Je'CO 


(«;  <5)2  v  ((i-7) 


I'roin  (ti  T)  we  see  that,  the  minimizing  values  of  o’  are 
given  by  o’  c,,  0  <  i  ■  in  t. 

Lor  an  arbitrary  choice  of  fund  ions  /,( A)  sneli  (hilt 
i\  has  maximal  rank,  the  procedure  of  section  5  will  not 
ia  general  recover  the  minimal  error  polynomial  given 
by  tin'  eoellieients  o*.  lint  by  (boosing  the  functions 
L(  A)  appropriately,  we  all  guarantee  onr  technique  wall 
eroyer  tin  least  erro'1  polynomial.  One  sneli  choice  is 
j\  (  \)  p,(A)  0  '  i  m  I  Lor  this  ease,  we  will 

measure  s  e.  Using  (5  (i)  w'  will  recover  lie  least 
error  approximation  a,  o’.  One  wav  to  see  this  is  to 
rewrite  (5.2)  in  terms  of  ;>,(A) 

/(A)  v  djl  j(X)  v  o;Fj(A)  (6.8) 

M  •  j  <  tn  1  n '  j  <  m  1 

Lor  this  expansion  of  /(A)  in  /ij(  A)  tie.'  orthogonality  of 
Legendre  polynomials  and  (5.5)  give  ns 


f  I ,  if  i  i; 

1  t),  if  i  /  j. 


so  that  l\  is  the  identity  matrix  I ’roll  i  (5.6)  o.  n  ami 
the  recovered  polynomial  will  he  the  least  error  polyno- 

Since  for  physical  sensors  we  require  / , ( A )  0  for 

I  A  I  we  cannot  directly  use  /,( A)  p,( A)  since 
p,(\)  is  negative  for  some  values  of  i  and  A.  Ilelow  we 
suggest  a  method  for  arriving  at  the  least  error  polyno¬ 
mial  approximation  using  an  equivalent  number  of  phys¬ 
ically  realizable  sensors.  Wear  eqnircd  to  compute  (.lie 
values 


e,  j  /(A)p,(A),/A  ^7  /(A)/>,(A),/A 

(6.10) 

Lor  e„  we  have 

Cm  '  /  /(A), /A  (6.11) 

V  2  J  i 

which  is  realizable  by  using  / ,  (  A )  I.  Since  /’,( A)  1 

for  1  \  I  we  can  eompilte 


/ (  A )  /’,( A)  t  </A  \  2e,  I  (6.12) 


I 


I)  I'm-  (  I 


s, i»c.- 

ft- ■  >111  (h  I  I ) 


I) 


is  known 


7,  A  Metric  Space  for  Colors 


In  I  his  si'i  l  ion  wi'  develop  ;i  1 1 1 o I  l  ie  space  fur  pi i y s- 
i1  il  colors.  I’licrc  ;irc  hvn  1 1 1 1 pi >r1  <t n  1  ri'iiscms  why  a  vi¬ 
sion  system  '  1 1 1  >  1 1 1 1 1  possess  a  color  mil  lie.  first,  a  color 
inelrie  allows  a  vision  system  In  del  ennine  how  closely  a 
perceived  color  mol  dies  a  known  color.  Second,  a  color 
Inelrie  is  mrcssarv  if  a  svsleni  hopes  to  locale  color  dis¬ 
coid  mint  ios  in  an  image.  Il  is  well  known  I  lint  the  hu¬ 
man  visual  niacliinci  v  includes  a  color  metric  Id  Onr 
development,  however,  is  motivated  by  (lie  I echniipies 
of  fund  mnal  analysis  Noallcmpl  is  made  I  o  relate  onr 
color  mcliic  In  I  In'  color  metric  implicit  in  Ininian  vi 
ston.  Ncvci  I  liclcss,  it.  is  likely  that  hoili  metrics  serve 
I  heir  respective  vision  s\ stems  in  similar  ways. 

We  begin  by  distinguishing  I  he  total  power  of  the 
signal  /(A)  from  its  color.  The  total  power  of  /(A)  is 
given  by 


f 


/  ( A  )r/.\ 


(7.1) 


wlin  o  I  lie  i nt cr v;il  [  IJ]  represents  I  In*  visible  spectrum 
lol.il  power  is  ;i  pliysienl  analog  of  tlie  psychological 
concept  of  brightness.  We  (leline  I  In*  physical  color  of 
/(  \)  hy  I  Ik  fmici  ion  /(A)  having  unit  total  power 


/(A) 


/(A) 


I',  /(A)</A 


(7,2) 


Physical  color  /  (  \ )  is  related  to  ‘lie  psychological  con¬ 
cept  ol  line.  The  space  of  physical  colors  is  the  space 
of  all  continuous  noimegnl  ivc  functions  /(A)  on  (-1,1, 
Inning  unit  total  power. 

(liven  any  two  physical  colors  /|(A)  and  /j( A)  we 
deline  I  he  distance  from  /  ((A)  to  />(  A)  hy 


d(/.(  A),/j(.\)) 


/.(A)  / 


(A)  ' 


dA  (73) 


We  note  that  (7.3)  satisfies  I  lie  properties 
function,  namely 


(list  a 


1  ,/(/,( \)  M A)) 

-  >/(M  A)-/ijA)) 

2  </(/,(  A)  hi A)) 

I  ./(/,( A)  h(\)) 


0  if  / ,  ( A )  /  l2(  A) 

0 

i/(/,Ta),/,Ta)) 

'/(/,( A)  /.(A))  |  </(  /.i  (A),  /j(A)) 


(I  ).(-).  and  (3)  easily  lollow  from  (7.3)  and  (I)  follows 
bom  i  In  ( 'a m  h  v  Schwart  /.  iiieipinlit  y.  Thereforr,  d  is 
a  melrir  ami  I  In-  space  of  physic, d  colors  under  <1  is  a 
metric  space  in  the  topological  sense. 

I'or  reasons  relevant  to  onr  applicalioi  ,  we  use  the 
l.inlhlenii  distance  of  (7.3)  rather  than  the  commonly 
used  nia xi in n in  distance  defined  by 


i(A),/2(A}) 


nia  \ 

I  A  ■  I 


/ 1  ( A )  /,(A)|  (7.1). 


I  lie  distance  of  (7.3)  provides  more  liability  Ilian  (7.1) 
for  measured  functions  /|(A)  and  /.( A).  While  inaccu¬ 
racies  over  a  small  range  of  A  can  cause  large  deviations 
of  ,  I  lie  distance  d  of  (7.3)  depends  on  the  dis- 
Inncc  between  the  fum  lions  integrated  over  the  entire 
.sped  nun.  rherefore,  I  he  distance  d  will  usually  give  a 

more  reliable  characterization  of  the  distance  between 
two  measured  physical  colors  than  I  lie  distance 


8.  The  Normalized  Legendre  Polynomial  llepre- 
sentat  ion 


In  section  (i,  we  showed  how  to  select  sensors  to  re¬ 
cover  the  least  error  polynomial  approximation  to  the 
function  /(A).  I’lic  derivation  its-  If  suggested  that  the 
most  convenient  representation  lor  this  approximation  is 
tiie  basis  ol  normalized  Legendre  polynomials  given  by 
{’>•2).  Onr  iniplemenlnlioii  uses  this  basis  to  represent 
’"'or.  hi  this  section,  wc  show  how  the  basis  of  nor¬ 
malized  Legendre  polynomials  not  only  facilitates  the 
recovery  ol  the  least  error  approximation  to  /(A),  hut 
also  how  this  basis  simplifies  many  of  the  computations 
performed  in  color  space. 


8,1.  Computing  Physical  Color  /(A) 


(Ting  l  lie  normalized  Legendre  polynomial  repre¬ 
sentation,  the  leclniiipic  of  sect  ion 
mint  ion  to  I  (  \ )  of  the  form 


a  recovers  an  approx- 


/(A) 


V 

«•  III  I 

I  he  lot  ill  power  of  /(A)  is  given  by 


i'db(A) 


(8.1) 


//(AHA  j'\  V  o,;i,(.\)] 


<M 


V  2d(| 

(8.2) 


where  I  In*  Iasi  slep  lollows  from  I  lie  oil  hogoimht  y  of  1-lie 
I  ii  ii  <  1  ions  />,(  \).  I  here  fore,  I  lie  lofnl  pnw*er  ol  /(A)  may 
nil  v  eoiisidrri i<g  I  Ik*  lirst  euellieient 


he  del  eniiined  b 
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ip  the  iiorniJili/cu  Lcgi'imrc  polynomial  representation. 

I  Vi  iii  (lie  I  ii  il  power  of  /(A),  wr  can  determine  the 
physical  color  /(A)  l>y 


/(A)  -- 1  X  (8-3) 

V  2n, . , 


O  .?>.(  A) 


We  can  consider  llie  physical  color  /(A)  to  be  the  point 
in  IV"  1  will,  coordinates  d|  ,d2,.  •  •  Since  we  rc- 

cpiirc  /(A)  ft  oil  I  A  I  physical  colors  form  a 
proper  sulisil,  of  /{’"  1 .  To  he  precise,  physical  colors 
are  those  points  o  f  IV"  1  for  which 


d, /), ( A )  > 


I  A  I  (8.11). 


8.2.  Metric  Space  Properties 

for  two  signals  /|(A)  and  / o ( A )  given  by 


Let.  (""  1  he  I  lie  sel  of  point  s  in  IV"  1  which  are  phys¬ 
ical  colors.  Points  in  C'"  1  will  he  referred  to  as 


M  A )  V  r,p,(A),  l2(  A)  X  S,p,(  A) 


I  lie  physical  colors  are 


1 1  (  A)  V  /•,;>,(  A),  /2(A)  X!  M’-(A) 


where  the  e,  and  s ,  are  computed  as  in  (8.4). 

Die  color  space  distance  between  / |(A)  and  72(A) 
is  given  hy 


<1(1  .(A),MA))  /  |  V  (f,  5,)J».(A)]‘ 

\  1  11  r  m  I 


which  simplifies  heeanse  of  orthogonality  to 


'/(/,  ( A),  /  (A))  V  (,-,  5,)S 

y  ikkwi-  i 


a  (d(,d2, .  .  .  ,h,„  |)  (8.12) 

where  the  coordinates  dj,  d2l  ...,  d,„  |  have  the  same 
significance  as  in  (8.1ft). 

An  important  coiisocpienc  •  of  viewing  colors  as 
points  in  C‘"  1  is  that  the  usual  euclidean  metric  in 

IV"  1  is  e(|iiivalenl  lo  the  metric  we  defined  for  physi¬ 
cal  colors  in  section  7.  This  is  seen  hy  examining  (8.8) 
and  recalling  III. it  r,i  su.  I  Inis  our  represenliition  in 
terms  of  iiorinali/.ed  Legendre  pcdvnoinials  allows  intu¬ 
ition  ahonl  the  familiar  distance  in  IV"  1  to  he  applied 
to  distance  in  color  space. 

Another  nsefnl  property  of  the  color  space  6""  1 
is  that  the  color  corresponding  to  an  arbitrary  additive 
combination  of  two  functions  /|(A)  and  I  <(  A)  will  lie  on 
the  line  in  (""  1  which  connects  the  physical  colors  C, 

and  ('■’  corresponding  to  /|(A)  and  /2( A).  I  I.  / 1 ( A )  and 
/2( A)  he  the  functions  given  hy 


MA)  X  r>Pi(  A),  l2(  A)  X  ■,c?h(A) 

()<»<m  1  lKi<m  I 

(8- IT) 


The  eorresponding  colors  in  C"‘  are 


8.:t.  Color  Space  as  a  Subset  of  IV" 

Prom  (8.!!),  our  representation  for  physical  colors  is 

/(A)  X  «.»'.(A)  (8-9). 


C|  (»'l  ,  >'2  .  •  ■  •  ,  1‘m  l).  (S|  ,  .S2,  .  .  .  ,  S,/i  l). 

(8.14) 

Consider  the  linear  combination  /, j ( A )  given  by 


I  null  (8.  I)  we  see  t.l 
I  /  \  2.  \\>  c  an  write 


phys'cal  colors  have  ag 


/;i (A)  A,/,(A)  I  /x,/2(A)  Kt,h2>  0  (8.15) 


Si'bstit  lit  ing  gives 


10.  Generic  Classilicni  ion  of  Materials 

In  I  his  serlimi  ;i  1 1  <  I  (Ik  next,  we  tifscrih.'  procedures 
for  using  color  l.o  extract.  tlisl inclivc  invariant  proper¬ 
ties  of  objects  from  images.  In  this  seel  ion,  vyc  show 
how  color  ran  he  used  to  recover  a  symbolic  descrip¬ 
tion  of  the  materia!  an  object  is  made  of.  In  section  11, 
we  describe  a  method  for  recovering  an  object’s  surface 
spectral  rclli  dance. 

Classifying  objects  according  to  material  is  impor¬ 
tant  because  material  is  an  invariant,  property  of  an  ob¬ 
ject.  It  is  very  valuable,  for  example,  to  be  able  to  decide 
that,  an  object  is  metal  rather  I  Inm  plastic  or  painted 
wood  ml  her  than  dyed  cloth 

We  showed  in  set  lion  I  that,  an  important  properly 
of  a  material  is  whether  it  is  optically  homogeneous  or 
optically  inhomogeneous  By  examining  the  physics  of 
relict  lion  described  in  section  2,  we  have  derived  a  pro¬ 
cedure  for  classifying  a  material  as  either  homogeneous 
or  inhomogeneous. 

I  luiungc neons  matt  rials  relied  light  only  from  the 
surface.  The  color  of  this  r •elleetetl  light  is  determined 
by  the  I  icmicI  etpiafions  from  (lie  complex  index  of  re¬ 
fraction  of  I  lie  material  as  a  fimelitni  of  wavelength,  lor 
a  single  color  of  ilbiniiinititni  /. (  \ ) ,  the  color  of  light 
rcllodctl  from  a  homogeneous  material  will  be  nearly 
constant  with  only  slight  variations  tine  to  changing  ge¬ 
ometry. 

Inhomogeneous  materials  both  relied  light  from  the 
surface  and  scatter  light  from  the  body  of  the  material, 

I  lie  color  of  the  light  relict  t etl  from  the  .surface  is  deter¬ 
mined  by  the  index  of  refract  inn  of  the  vehicle.  I  he  color 
of  the  light  .scattered  from  the  hotly  is  del erniined  by  the 
selective  absorption  properties  of  the  colorant  particles 
embedded  in  the  vehicle.  In  general,  the  color  of  l.llf 
surface  relict  led  light  will  he  tlill’ei fill  from  the  color  of 
the  hotly  scattered  light.  I’liei ffm e,  given  a  single  color 
of  illumination  /.  (A),  there  will  lie  two  distinct  colors  of 
light  rellcclrtl  from  an  inhomogeneous  material. 

Using  the  letlinitpie  discussed  in  section  !),  we  are 
able  to  lintl  image  irratliancc  discontinuities  correspond¬ 
ing  to  the  places  where  the  power  of  the  specularly  re- 
llecl.etl  light  becomes  significant.  Using  mil  metric  for 
color  space  (.section  7),  we  tan  examine  whether  these 
image  in  alliance  discontinuities  coincide  with  disconti¬ 
nuities  in  color  spate.  If  a  color  discontinuity  is  not 
detected,  there  is  strong  evidence  for  a  homogeneous 
material.  If  we  tlo  deled  a  color  discontinuity,  then  the 
material  is  probably  optically  inhomogeneous. 

We  see  that  in  most  situations,  it.  is  possible 
to  distinguish  homogeneous  materials  from  iiiliomoge- 
I'Ot  us  materials  using  tciliniipics  in  color  spate.  Once 
lire  liomogeiit'oiis-iiihoiiitigi  neons  t  luvsilit  al.itm  has  been 
made,  it  is  possible  to  use  color  It  distinguish  fliH’rrcnt 


homogeneous  materials,  e  g.  alnnmiiiiii  and  copper,  and 
to  distinguish  < I i IT o rent  inhomogeneous  materials,  e.g. 
while  plastic  and  retl  plastic.  Our  method  to  achieve 
this  additional  level  of  elassilita  I  ion  is  based  on  recover¬ 
ing  surface  spectral  relied  mice.  We  describe  onr  method 
in  the  next  section. 

It.  Recovering  Surface  Speed  nl  Reflectance 

Another  invariant  property  of  an  object  width  is 
valuable  loi  recognition  is  the  object's  sin  face  spectral 
relleelaiiee.  I  iilurt  unately  surface  spectral  reflectance 
is  not  determined  by  (lie  spectral  ilist  libtil  ion  of  the  light 
It  lift  ted  by  a  surface.  It  is  this  relleeted  light  which  is 
directly  sei  -etl  bv  a  vision  system.  The  light  which  is  rc- 
fleeted  by  a  surface  is  the  product  of  the  spectral  distri¬ 
bution  of  the  incident  light  and  the  spectral  relledance 
of  the  siirlacc.  lo  rerover  the  spectral  relledance  of 
a  surface,  some  mechanism  must  he  available  to  factor 
out  the  elicits  ol  the  incident  light  Many  experiments 
have  shown  that  the  himiaii  vision  system  is  capable 
of  limiting  this  computation.  I  his  ability  of  humans  to 
see  objects  as  having  a  constant  color  despite  varying 
i  1 1  ii  i  n  i  ii.-i  I  it  >  1 1  conditions  is  culled  color  constancy. 

Many  theories  have  been  advanced  to  ex  plain  color 
constancy  [2[.  Our  approach  is  based  on  the  physics  of 
relied  ion.  Another  class  of  approaches  views  the  task 
as  an  midereoiisl rniuetl  mat lieinnlieal  problem  [Ili],  [25] , 

I  liese  approaches  tlenlify  the  assumptions  about  inci¬ 
dent  illumination  anti  surface  spectral  relledance  which 
are  retpiiretl  to  make  color  constancy  possible  from  a 
purely  foinpiital ioual  point  of  view.  In  other  work,  psy¬ 
chologists  have  suggested  that  (lie  eve  selectively  adapts 
to  Hie  color  ol  the  ambient  light  Kxpcnmcnts  have 
shown  that  this  selective  adaptation  might  he  partly  re¬ 
sponsible  for  human  color  constancy  [ 8 [ . 

Our  met  hot)  for  recovering  surface  spectral  rc- 
lleetanec  is  applicable  to  instances  of  surfaces  width  are 
illuminated  by  (lie  same  spectral  distribution  of  light  as 
Hi  ill  winch  ilhmniiat.es  an  inhomogeneous  object  in  l.lic 
M'one.  This  condition  is  quite  general,  and  is  almost  id- 
v'iiys  salislied  in  real  situations  where  a  small  number 
<*f  dill,  at  illnmiuaiils  emit  ribnt e  lo  Hie  image  forming 
process. 

We  recall  from  section  1  (hat  for  inhomogeneous 
materials  AM(A)  I)  and  A)  is  nearly  constant  across 
the  visible  spectrum.  h'rmn  the  TYesnel  equations,  the 
specular  rcllcctance  ol  an  inhomogeneous  material  is 
a  constant  function  of  wavelength  for  lixed  geometry. 
Moreover,  the  TYesm-l  equations  tell  us  that  the  specular 
rellectauce  for  lixed  wavelength  is  constant  with  respect 
to  geometry  for  almost  all  incidence  angles.  Therefore, 
lor  inhomogeneous  objects  the  Tresuel  component  of  the 
r<  llectance  can  be  regarded  as  constant  with  respect  to 
both  g<  nm-try  and  wavelength. 


S('\ <  r;il  simple  objects  have  boon  used  lo  test  onr 
color  1 1 1 <  I.IkkIs  Our  objects  incliule  plastic  cups,  metal 
cylinders,  and  painted  wooden  blocks. 

In  Figures  (i  7,  vve  show  I  lie  perfoi  iiiauce  of  onr 
algorithms  on  color  images  of  plastic  cups  illuminated 
by  I  In  1800  A  color  temperature  lamp  Since  the  im¬ 
age  irradianci  corresponding  to  tin  specular  reflection  is 
markedly  larger  Ilian  the  image  irradiancc  correspond¬ 
ing  In  the  diffuse  rcllecfion,  the  physical  segmentation 
process  of  section  !)  easily  locates  I  he  spcculur-diUnsc 

boundaries  I  he  method  of  section  5  is  then  used  to  re¬ 
cover  the  function  /( A)  for  both  the  specularly  reflected 
light  ami  the  diffusely  rellected  light,  figure  0(a)  is 
/(A)  for  the  I  resuel  reflection  from  a  blue  cup.  It  agrees 
well  with  l  lie  actual  color  of  the  light  source.  Figure 
G(l>)  /(A)  for  the  dilfuse  reflection  from  the  blue  cup. 

f  rom  I  lie  large  color  difference  between  Figure  G(a)  and 
Figure  lifli),  the  algorithm  of  section  HI  easily  is  able 
to  identify  (lie  plastic  cup  as  being  made  of  an  inho¬ 
mogeneous  material.  We  remark  that  it  would  be  very 
(1  i (lien ll  to  infer  that  the  cup  is  bine  by  simply  inspect¬ 
ing  the  color  of  |  he  reflected  light  /(A)  in  Figure  0(b). 
In  fact.  I  lie  largest  amount  of  power  is  in  the  red  part  of 
the  visible  spectrum  (near  700  urn).  To  determine  the 
color  of  the  (  up  (as  distinct  from  the  color  of  Ihe  light 
rellected  from  the  cup),  we  must  compute  the  surface 
spectral  relied  mice.  I  Ins  is  done  using  the  method  of 
seelion  II.  Figure  0(c)  shows  the  spcclrnl  reflectance 
computed  for  the  blue  cup.  From  Figure  0(c),  we  can 
tell  that  the  cup  is  blue.  Figures  7(a),  7(b),  and  7(c) 
show  the  performance  of  our  algorithms  on  a  color  im¬ 
age  of  a  red  plastic  clip.  We  see  that  our  algorithms  are 
able  to  cnrred  I  y  determine  the  object’s  material  (frnu 
Figures  7(a)  and  7(b))  and  spectral  rrllrclaiire  (Figmc 
-(<•))■ 


I  inure  0(a).  I  resuel  Helleel .ion  from  blue  Clip 
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f  igure  0(b).  Diffuse  Reflection  from  blue  cup 


Figure  0(c).  Computed  Helled, ance  for  blue  cup 


'ignre  7(a).  Fresnel  Hellection  from  red  cup 
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Figure  7(b).  Diffuse  Reflection  from  red 


Figure  7(e).  Computed  Reflectance  for  red  enp 


I  3.  Conclusions 

In  lliis  |>;i|)(T,  we  li.ive  analyzed  I, lie  iiiipnrl.aiice  of 
color  understanding  in  ;i  general  vision  system.  Starling 
from  geneial  physical  models,  we  have  shown  that  color 
can  play  an  important  role  in  both  the  classification  of 
materials  and  in  the  recognition  of  objects.  An  appro¬ 
priate  use  of  color,  therefore,  can  siguilicnntly  extend 
the  capabilities  of  a  vision  system. 

We  have  ilcve  loped  two  color  algorithms  which  ex¬ 
tract  invariant  properties  of  objects  from  images.  The 
Inst  algorithm  elassilies  objects  according  to  material. 
The  second  algorithm  recovers  an  object’s  surface  spec¬ 
tral  roller  lance.  Roth  algorithms  have  been  imple¬ 
mented  and  consistently  produce  correct  results  on  real 
images. 


Our  color  algorithms  are  part  of  a  general  color  un 
derstanding  system.  In  constructing  this  system,  we 
have  addressed  the  problems  of  color  recovery  and  color 
representation.  The  input  to  the  system  is  images  cap¬ 
tured  using  sensors  with  different  spectral  responses.  A 
robust  technique  has  been  developed  to  recover  physical 
color  from  these  images.  We  represent  physical  color  by 
points  in  a  metric  space.  As  we  have  shown,  the  prop¬ 
erties  of  our  representation  greatly  facilitate  using  color 
to  achieve  the  goals  of  a  general  vision  system. 
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Abstract 

Current  methods  for  image  segmentation  are  confused  by 
artifacts  such  as  highlights,  because  they  or°  not  based  on  any 
physical  model  of  these  phenomena.  In  this  paper,  we  present  an 
approach  to  color  image  understanding  that  accounts  for  color 
variations  due  to  highlights  and  shading.  Based  on  the  physics  of 
reflection  by  dielectric  materials,  such  as  plastic,  we  show  that  the 
color  of  every  pixel  from  an  object  can  be  described  as  a  linear 
combination  of  the  object  color  and  the  highlight  color.  According 
to  this  model,  all  color  pixels  from  one  object  form  a  planar  cluster 
in  the  color  space  whose  shape  is  determined  by  the  object  and 
highlight  colors  and  by  the  object  shape  and  illumination  geometry. 
We  present  a  method  which  exploits  the  color  difference  between 
object  color  and  highlight  color,  as  exhibited  in  the  cluster  shape, 
to  separate  the  color  of  every  pixel  into  a  matte  component  and  a 
highlight  component.  This  generates  two  intrinsic  images,  one 
showing  the  scene  without  highlights,  and  the  other  one  showing 
only  the  highlights.  The  intrinsic  images  may  be  a  useful  tool  for  a 
variety  of  algorithms  in  computer  vision  that  cannot  detect  or 
analyze  highlights,  such  as  stereo  vision,  motion  analysis,  shape 
from  shading,  and  shape  from  highlights,  We  have  applied  tins 
method  to  real  images,  in  a  laboratory  environment,  and  we  show 
these  results  and  discuss  some  of  the  pragmatic  issues  endemic  to 
precision  color  imaging. 

1 .  Introduction 

When  we  look  at  an  image,  we  can  interpret  what  we  see  as  a 
collection  of  shiny  and  matte  surfaces,  smooth  and  rough, 
interacting  with  light,  shape,  and  shadow.  However,  computer 
vision  has  not  yet  been  successful  at  deriving  a  similar  description 
of  surface  and  illumination  properties  from  an  image.  The  key 
reason  for  this  failure  has  been  a  lack  of  models  or  descriptions  rich 
enough  to  relate  pixels  and  pixel-aggregate  properties  to  these 
scene  characteristics,  In  the  past,  most  work  with  color  images  has 
considered  object  color  to  be  a  constant  property  of  an  object 
Color  variation  on  an  object  was  attributed  to  noise.  However,  in 
real  scenes,  color  variation  depends  to  a  much  larger  degree  on  the 
optical  reflection  properties  of  the  scene,  which  cause  the 
perception  of  object  color,  highlights,  shadows  and  shading  [3,  9], 
As  a  consequence,  color  variation  cannot  be  regarded  to  be  of  a 
merely  statistical  nature.  On  the  contrary,  it  exhibits  characteristics 
that  can  be  determined  and  used  for  color  vision. 


'This  maleiial  is  based  upon  work  supported  by  the  National  Science  Foundation 
under  Gram  DCR. 84 19990  and  by  the  Detense  Advanced  Research  Projects  Agency 
(DOD),  ARPA  Order  No.  4976,  monitored  by  the  Aii  Force  Avionics  Laboratory  under 
conlracl  F33615-84  K  1520.  Any  opinions,  findings ,  and  conclusions  or 
recommendations  expressed  in  this  publication  aie  those  of  the  authors  and  do  not 
necessarily  retlect  lire  views  of  the  National  Science  Foundation  or  the  Defense 
Advanced  Reseaich  Pioiects  Agency  or  the  USGovernmenl 


This  paper  presents  an  approach  to  color  image  understanding 
that  accounts  for  color  variations  due  to  highlights  and  shading. 
We  use  a  reflection  model  which  describes  the  color  of  every  pixel 
from  an  object  as  a  linear  combination  of  the  object  color  and  the 
highlight  color  [10],  According  to  our  model,  all  color  pixels  from 
one  object  form  a  planar  cluster  in  *he  color  space,  The  cluster 
shape  is  determined  by  the  object  and  highlight  colors  and  by  the 
object  shape  and  illumination  geometry. 

We  present  a  method  that  exploits  the  color  difference  between 
object  color  and  highlight  color,  as  exhibited  in  the  cluster  shape, 
to  separate  the  color  of  every  pixel  into  a  matte  component  and  a 
highlight  component.  Our  method  generates  two  intrinsic  images, 
one  showing  the  scene  without  highlights,  and  the  other  one 
showing  only  the  highlights,  These  intrinsic  images  can  be  a  useful 
tool  for  a  variety  of  algorithms  in  computer  vision  that  cannot  detect 
or  analyze  highlights,  such  as  stereo  vision,  motion  analysis,  snape 
from  shading  and  shape  from  highlights  [2,  3,  11],  We  demonstrate 
the  applicability  of  our  method  to  real  color  images. 

We  begin  by  introducing  the  dichromatic  reflection  model  which 
describes  the  interaction  of  light  with  opaque  dielectric  materials. 
Using  this  model,  we  describe  the  color  variation  on  an  object  as  a 
function  of  the  reflection  properties  of  the  materials,  object  shapes 
and  sensor  characteristics  Next,  we  demonstrate  how  our 
reflection  model  can  be  used  for  the  analysis  ot  color  images.  We 
present  methods  to  determine  the  illumination  co'or  and  to  detect 
and  remove  highlights  from  real  color  images.  Fintlly,  we  discuss 
the  implications  and  the  future  direction  of  our  work. 

2.  The  dichromatic  reflection 
model 

When  we  look  at  a  glossy  object,  we  usually  see  the  reflected  light 
as  composed  of  two  colors  that  typify  the  highlight  areas  and  the 
matte  object  parts.  The  dichromatic  reflection  model  describes  this 
phenomenon  for  scene  configurations  in  which  a  single  light 
source  of  an  arbitrary  color  illuminates  opaque  dielectric  materials 
[10],  As  we  will  show  later  in  this  paper,  this  model  accounts  well 
for  real  color  data  under  suitable  conditions. 

When  light  hits  an  object  of  opaque  dielectric  material,  the 
material  interface  immediately  reflects  some  percentage  of  the 
light,  according  to  Fresnel's  law  of  reflection.  In  general,  the 
reflected  light  has  approximately  the  same  color  as  the  light  source. 
The  remaining  percentage  of  the  incident  light  penetrates  into  the 
material  body,  which  then  scatters  the  light  and  absorbs  it  at  some 
wavelengths,  before  it  reemits  the  rest  [4,  6,  12],  The  color  of  this 
light  is  determined  by  the  illumination  color  and  the  reflection 
properties  of  the  material.  Common  names  for  the  reflection 
process  at  the  interface  are  the  terms  specular  reflection,  highlight 
or  gloss,  whereas  the  reflection  process  in  the  material  body  is 
generally  called  diffuse  reflection  or  matte  color.  We  refer  to  the 
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two  processes  as  interface  and  body  reflection  because  those 
terms  make  a  more  precise,  physical  distinction  between  the 
reflection  processes  than  the  geometry  based  terms  specular  and 
diffuse  reflection  We  will  use  this  terminology  and  the 
corresponding  terms  highlights  and  matte  object  color  throughout 
the  paper. 


Figu  re  2- 1 :  Light  reflection  at  dielectric  materials 


Based  on  the  above  discussion,  the  dichromatic  reflection  model 
c  cribes  the  spectral  radiance  L(X,i,e,g)2 of  a  point  in  the  scene  as 
a  sum  of  an  interface  reflection  component  L.(X,i,e,g >  and  a  body 
reflection  component  Lb(\,i,e,g).  The  model  assumes  that  the 
spectral  properties  of  illumination  and  reflection  on  an  object  are 
independent  of  the  orientation  of  the  surface,  which  is  a  reasonable 
tpproximation  [10].  We  thus  decompose  each  of  the  two  reflection 
jinponents  into  a  spectral  composition  c<X)  that  describes  a  color, 
and  a  magnitude,  /n(<>,g)c|0,l],  that  describes  a  geometric  scale 
factor: 

L(\,i,e,g)  =  m.(i,e,g)cl(\)  +  mb(i,e,g)  cb(X)  (2.1) 

When  a  color  TV  camera  records  an  image  of  a  scene,  it  generally 
uses  three  color  primaries  to  represent  the  spectrum  of  the  light 
that  is  reflected  from  the  objects  towards  the  camera.  In  the  image 
formation  process,  the  camera  transforms  the  light  of  the  incoming 
ray  at  pixel  position  (x,y)  via  tristimulus  integration  from  an  infinite 
light  spectrum  into  a  triple  of  color  values,  C <x,y)  =  [r,g,d].  This 
process  sums  the  amount  of  light  at  each  wavelength  weighted  by 
the  transmittance  of  the  color  filters  and  the  responsivity  of  the 
camera  at  each  wavelength.  Because  this  is  a  linear 
transformation,  and  because  the  photometric  angles,  /,  e,  and  g 
depend  on  x  and  y,  the  dichromatic  reflection  model  can  be  applied 
to  color  pixel  values.  This  allows  us  to  describe  the  color  pixel 
value  Cfx.y)  as  a  linear  combination  of  the  vectors  representing  the 
colors  of  interface  reflection  C  and  body  reflection  Cb  at  the 
corresponding  point  in  the  scene:  point: 

C  (x,y)  =  m.  (i,e,g)  CL  +  mb  (i.e.g)  Cb  (2.2) 

In  this  equation,  the  color  vectors  C(.  and  Cb  are  constant  for  a 
surface,  and  the  scale  factors  mj  and  mb  vary  at  each  pixel. 


/  Pi  and  g  describe  the  angles  of  light  incidence  and  exitance  and  the  phase 
angle,  \  is  the  wavelength  parameter 


3.  Color  variation  and  object 
shape 

In  the  previous  section  we  have  shown  how  the  pixel  color  C  (x,yj 
depends  on  the  optical  propeities  of  the  scene.  We  will  now 
discuss  the  relationship  between  Ihe  colors  of  all  pixels  on  an 
object.  As  a  means  to  model  the  color  variation  over  an  entire 
object,  we  use  a  color  histogram  in  Ihe  color  space,  which  is  the 
projection  of  the  colors  of  all  pixels  from  the  object  into  the  color 
space. 

The  dichromatic  reflection  model  assumes  that  there  is  a  single 
light  source  in  the  scene,  without  ambient  light  or  inter- reflection 
between  objects.  Under  this  assumption,  the  colors  of  all  pixels 
from  an  object  are  linear  combinations  of  the  same  inlerface  and 
body  reflection  colors  C(.  and  Cfc.  Colcr  variation  within  an  object 
area  thus  depends  only  on  the  geometric  scale  faclors  mj  and  mb 
while  C(  and  Cfc  are  constant.  Accordingly,  C  and  Cfc  span  a 
dichromatic  plane  in  the  color  space,  and  the  colors  of  all  pixels 
from  one  object  lie  in  this  plane. 

Within  the  dichromatic  plane,  the  color  pixels  form  a  dense 
cluster.  There  exists  a  close  relationship  between  the  shape  of 
such  a  color  cluster  and  the  geometric  properties  of  body  and 
interface  reflection  and  the  shape  of  Ihe  object.  We  can  use  this 
relationship  to  determine  characteristic  features  of  the  color 
clusters  As  an  aid  to  intuition,  we  will  assume  that  body  reflection 
is  approximately  Lambertian  and  that  interface  reflecf ion  is 
describable  by  a  function  with  a  sharp  peak  around  the  angle  of 
perfect  mirror  reflection.  This  is  a  simplified  view  of  Ihe  reflection 
processes  in  real  scenes.  However,  as  we  will  demonstrate,  it  is 
sufficient  for  our  analysis  of  color  images. 

interface  and  body  reflection  color  cluster  on  the 

from  a  cylindrical  object  !  dichromatic  plane 

_  _  _  _  |  spanned  by  the  colors 

*.  of  interface  and  body 

ref lect  ton  C, and  C  t 


Figure  3-1:  The  shape  of  the  color  cluster  for  a  cylindrical  object 


Figure  3-1  shows  a  sketch  of  a  shiny  cylinder.  The  left  part  of  the 
figure  displays  the  magnitudes  ot  the  body  and  interface 
components  as  curves  showing  the  loci  of  constant  body  or 

inlerface  reflection.  The  right  pari  of  Ihe  figure  shows  the 
corresponding  color  cluster  in  the  dichromatic  plane.  This 
represents  the  configuralion  observed  in  a  histogram  of  pixel 
values  in  the  color  space.  To  relate  the  terminology  of  the 
dichromatic  reflection  model  to  Ihe  shape  of  the  color  clusters,  we 
classify  the  color  pixels  as  matte  pixels,  highlight  pixels  or  clipped 
color  pixels.  The  following  paragraphs  discuss  Ihe  characteristic 
features  of  each  of  these  classes. 
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Matte  pixels  are  projections  of  points  in  the  scene  that  exhibit 
only  body  reflection  in  the  direc  ion  of  the  viewer.  The  color  of 
such  pixels  is  thus  determined  by  the  color  of  body  reflection, 
scaled  according  to  the  geometrical  relationship  between  the  local 
surface  normal  of  the  object  and  the  viewing  and  illumination 
directions.  Consequently  the  colors  of  the  matte  pixels  form  a 
matte  line  in  the  color  space,  in  the  direction  of  the  body  reflection 
vector  C. . 

D 

Highlight  pixels  are  projections  of  scene  points  that  exhibit  both 
body  reflection  and  interface  reflection  in  the  viewing  direction. 
The  colors  of  all  pixels  in  a  highlight  area  that  lie  on  a  line  of 
constant  body  reflection  vary  only  in  their  respective  amounts  of 
interface  reflection.  The  colors  of  these  pixels  thus  form  a  straight 
highlight  line  in  the  color  space  that  starts  at  the  matte  cluster  at  the 
position  that  is  determined  by  their  body  reflection  component  mbH. 
The  direction  of  the  highlight  line  is  determined  by  the  interface 
reflection  vector  C..  Combined  with  the  neighboring  highlight 
pixels  of  slightly  different  amounts  of  body  reflection,  all  highlight 
pixels  form  a  highlight  cluster  in  the  color  space  that  has  the  shape 
of  a  skewed  wedge.  If  more  than  one  highlight  exists  on  an  object, 
each  of  them  describes  a  highlight  line  in  the  color  space  (see 
Figure  3-2) 


m.C,  1  | 

MM 


Figure  3-2:  Color  cluster  shapes  under  changing  illumination 
geometry 


The  combined  color  cluster  of  matte  and  highlight  pixels  thus 
looks  like  a  skewed  T  or  comb.  The  exact  shape  of  the  cluster 
depends  on  the  illumination  geometry.  If  the  phase  angle  g 
between  the  illumination  and  viewing  direction  at  a  highlight  is  very 
small,  the  incidence  direction  of  the  light  is  very  close  to  the  surface 
normal.  According  to  Lambert’s  law,  the  body  reflection 
component  is  maximal  at  such  object  points  and  thus,  the  starting 
point  mbH  for  the  highlight  line  is  at  the  tip  of  the  matte  line.  The 
wider  g  becomes  at  a  highlight,  the  smaller  is  the  amount  of 
underlying  body  reflection  and,  thus,  the  greater  is  the  distance 
between  the  tip  of  the  matte  line  and  the  stalling  point  mbH  of  the 
highlight  line  (see  Figure  3-2).  At  the  same  time,  small  positional 
variations  on  the  object  (as  for  neighboring  pixels)  become  less 
influential  on  the  incidence  and  exitance  a:  ales  /  and  e.  The 
highlight  thus  becomes  dimmer  and  spreads  oui  ^ver  a  larger  area, 
covering  a  larger  range  of  values  of  underlying  body  reflection.  As 
a  result,  the  highlight  line  grows  wider,  exhibiting  more  strongly  the 
shape  of  a  wedge. 

Clipped  color  pixels  are  highlight  pixels  at  which  the  light 
reflection  exceeds  the  dynamic  range  of  the  camera.  Depending  on 
the  color  of  the  object,  the  dynamic  range  may  be  exceeded  at 
some  points  in  one  color  band  but  not  in  the  other  two,  and  the 
highlight  cluster  then  bends  near  the  wall  of  the  color  cube  that 
describes  the  limit  of  sensitivity  of  that  color  band.  A  second  color 


band  may  saturate  at  some  brighter  object  points,  causing  the  color 
cluster  to  bend  again  at  the  edge  of  the  limiting  walls  of  both  color 
bands.  At  the  innermost  points  of  the  highlight  the  dynamic  range 
of  the  camera  may  even  be  exceeded  in  all  three  color  bands,  thus 
looking  white,  even  though  the  color  of  illumination  may  not  be 
white. 


Figure  3-3:  Shape  of  color  clusters  in  color  space 


Summarizing  this  discussion,  the  general  shape  of  a  color  cluster 
is  displayed  in  Figure  3-3.  Although  the  color  cluster  of  a  specific 
object  may  not  fill  the  entire  parallelogram,  it  reliably  exhibits  some 
features  that  can  thus  be  used  and  searched  for  by  algorithms. 
Figure  3-3  displays  these  features  as  bold  lines.  Color  clusters 
generally  provide  a  matte  line  on  which  all  matte  pixels  of  an  object 
area  lie.  Depending  on  the  object  shape  and  the  illumination 
geometry,  color  clusters  have  some  number  of  highlight  lines.  We 
use  the  brightest  highlight  line  as  a  representative  of  all  these  lines. 
Further  lines  connected  to  the  highlight  lines  are  clipped  color 
lines.  An  algorithm  can  analyze  a  color  cluster  by  searching  for 
these  lines  in  the  color  space  They  determine  the  general  shape  of 
the  parallelogram  and  the  orientation  of  the  dichromatic  plane. 


4.  Analysis  of  real  color  images 

There  exist  some  inherent  assumptions  in  the  dichromatic 
reflection  model  [10].  However,  as  we  will  illustrate,  the  model 
accounts  well  for  real  color  data  under  suitable  conditions.  We  also 
present  methods  for  color  image  analysis  that  use  the  shape  of  the 
color  clusters. 

4.1  Color  clusters  from  real  color  images 

We  have  taken  a  series  of  color  images  in  the  Calibrated  Imaging 
Laboratory  at  Camegie-Mellon.  The  scene  consists  of  an  orange,  a 
green  and  a  yellow  plastic  cup  under  white  or  yellow  illumination. 
Black  curtains  on  the  walls  were  used  to  eliminate  ambient  light  in 
the  visible  spectrum  of  the  scene.  We  use  a  spectral  linearization 
method  to  compensate  for  the  non  linear  response  of  our  camera 
to  imago  brightness.  The  upper  left  box  of  Figure  4  1  shows  the 
linearized  image  of  the  orange,  the  yellow  and  the  green  cup  under 
yellow  illumination. 


616 


V,’ 


V  Z,  .  -  ij  .  ’ 

V,V„V„  -A  -  .' 

.  ",  %  \ 

/  I-'^W „ 


A  A  «\ 


JV  >  ‘ 


• A  ' 


hi 

8 


i 


*  v 


» 


%  *V  * 


w 


a 


■fv.vt' 


AiV 


< 


i‘'\jfr»“ 


cv*>: 


1  ■  *  •  *  i 


/*  A 

V 


. ,% 

’■  /-V- 


t 


-/  *.T», 


»  A  ■« 
-,V  V 
k  V  V1 

■  V  « 
■  *  0,  "  *  1 


V  *. 

.  A  . 


« 


r, 


N 


Figure  4-1 :  Color  clusters  and  dichromatic  planes  of  cups  under 
yellow  light 


We  use  a  graphical  display  program  which  takes  a  color  picture 
as  input  and  displays  the  colors  of  all  pixels  of  selected  object  areas 
as  color  clusters  in  the  color  space.  The  upper  right  box  of  Figure 
4  1  displays  the  color  histogram  of  the  pixels  from  the  marked  areas 
of  the  color  image  (in  the  upper  lelt  box)  in  the  color  space.  The 
color  space  is  shown  as  a  color  cube,  with  each  dimension  of  the 
cube  representing  the  intensity  scale  of  one  of  th  ^  three  color 
primaries.  Its  origin  is  at  the  black  corner  of  the  cube. 

The  color  clusters  of  the  cups  each  lie  approximately  in 
dichromatic  planes.  Within  the  planes,  they  form  matte  and 
highlight  lines,  thus  demonstrating  that  real  color  data  follows  the 
theory  of  the  dichromatic  reflection  model.  The  color  clusters  also 
have  clipoing  lines,  due  to  the  bright  intensity  of  the  yellow 
illumination,  as  reflected  from  the  middle  of  the  highlights.  Note 
that,  accordingly,  the  colors  in  the  middle  of  the  highlight  areas 
look  white,  whereas  the  pixels  closer  to  the  highlight  boundaries 
are  yellow. 

4.2  Determining  the  color  of  illumination 

If  several  glossy  objects  of  different  color  are  illuminated  by  the 
same  light  source,  each  object  produces  a  dichromatic  plane 
Because  all  of  these  dichromatic  planes  contain  the  same  interface 
reflection  vector  C  ,  they  intersect  along  a  single  line  which  is  the 
color  of  the  illumination  (see  the  lower  left  box  of  Figure  4  1)  This 
fact  can  be  used  by  color  constancy  algorithms  [1,  7]  that  try  to 
remove  the  influence  of  the  illumination  color  from  the  body 
reflection  component,  thus  "normalizing"  the  image  to  a  standard 
white  illumination. 

4.3  Detecting  and  removing  highlights 

We  have  developed  and  implemented  an  algorithm  that  uses  the 
shape  of  the  color  clusters  to  detect  and  remove  highlights  from 
color  images.  The  program  projects  the  pixels  of  selected  image 
areas  into  the  color  space  and  fits  a  dichromatic  plane  to  the  color 
data  from  each  image  area.  The  program  then  searches  within 
each  dichromatic  plane  for  the  matte  line,  the  brightest  highlight 
line  and  lines  of  clipped  colors  These  lines  are  extracted  from  the 


dichromatic  plane  by  using  a  recursive  line  splitting  algorithm  f8], 
and  classified  as  the  matte  vector,  the  highligh ,  vector  and  clipped 
color  vectors.  The  program  assumes  that  the  line  starting  closest  to 
the  black  corner  is  the  matte  vector.  The  next  one  connected  to  it 
is  classified  as  the  highlight  vector.  The  remaining  lines  are 
assumed  to  describe  clipped  color  data. 

Each  color  pixel  of  the  image  is  then  broken  up  into  its  reflection 
components.  In  order  to  remove  interface  reflection,  the  program 
projects  the  color  of  every  pixel  onto  the  respective  dichromatic 
plane  If  the  projected  color  is  close  to  a  clipped  colo.  vector,  it  is 
replaced  by  the  color  at  the  end  of  the  highlight  vector.  The 
algorithm  then  projects  the  color  of  every  pixel  along  the  highlight 
vector  onto  the  matte  line.  The  result  is  the  intrinsic  matte  image  of 
the  scene.  Conversely,  the  program  forms  the  intrinsic  highlight 
image  of  a  scene  by  projecting  the  color  of  every  pixel  along  the 
matte  vector  onto  a  line  that  is  parallel  to  the  highlight  vector  but 
goes  through  the  origin  of  the  color  space. 

The  program  has  been  applied  to  the  pictures  of  an  orange,  a 
yellow  or  a  green  plastic  cun  under  white  or  yellow  light.  Figure  4-2 
shows  the  results  we  obtained  from  i tinning  the  algorithm  on  an 
image  of  the  orange  cup  ur  der  white  light.  The  upper  boxes  show 
the  image  of  the  cup  and  the  color  cluster  that  is  generated  by  the 
pixels  from  the  marked  object  area.  The  lower  two  boxes  display 
the  resulting  intrinsic  images  of  our  algorithm.  The  left  box  shows 
only  the  highlight,  and  ihe  right  box  shows  the  object  without  the 
highlight.  The  results  of  applying  the  algorithm  to  the  other 
pictures  are  similar. 


white  I i ght 


color  histogram 
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interface  ref  I 
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Figure  4-2:  Intrinsic  images  of  the  orange  cup  under  white 
illumination 

A  qualitative  inspection  of  the  intrinsic  images  reveals  that  our 
algorithm  is  able  to  separate  the  highlights  from  the  body  reflection 
component.  Note  that  the  highlight  image  displays  both  the 
highlight  from  the  middle  of  the  cup  and  the  small  amount  of  gloss 
that  is  reflected  from  the  handle  of  the  cup.  Flowever,  the  current 
algorithm  does  not  yet  detect  the  interface  reflection  color  reliably. 
The  scene  of  Figure  4  2  was  illuminated  by  white  light  In  the  color 
cube,  the  white  light  corresponds  to  the  diagonal  direction,  from 
the  black  corner  to  the  white  corner.  Since  the  highlight  line  of  this 
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image  starts  with  an  already  high  amount  of  nu,,-..,  .j  tody 
reflection  the  diagonal  direction  of  white  light  is  hard  to  detect  and, 
in  this  image,  the  clipping  vector  could  not  be  distinguished  from 
the  highlight  ector.  For  this  reason,  the  computed  highlight  vector 
misses  the  red  component  and  the  highlight  image  looks  cyan.  The 
algorithm  can  be  improved  by  using  the  intersection  o!  several 
dichromatic  planes  as  an  indication  ol  the  highlight  vector  (see 
figure  4  1). 

The  potential  utility  or  the  intrinsic  images  stems  from  two  facts: 
^oth  the  matte  and  the  highlight  image  have  simpler  geometric 
properties  than  does  intensity  in  a  monochrome  image,  that 
represents  a  weighted  sum  of  the  two:  and  the  matte  image  is 
relatively  insensitive  to  changes  in  viewpoint  from  one  image  to  the 
next. 


5.  Conclusion 

In  this  paper,  we  have  demonstrated  that  it  is  possible  to  analyze 
real  color  images  by  using  a  color  reflection  model.  Our  model 
accounts  for  highlight  reflection  and  matte  shading,  as  well  as  for 
the  limited  dynamic  range  ol  cameras.  By  developing  a  physical 
description  of  color  variation  in  color  images,  we  have  developed  a 
method  to  separate  highlight  reflection  from  matte  object  reflection. 
The  resulting  two  intrinsic  images  are  promising  for  improving  the 
results  of  many  other  computer  vision  algorithms  that  cannot  detect 
or  analyze  highlights.  To  demonstrate  this,  we  plan  to  combine  our 
approach  with  a  photometric  steieo  system  to  guide  a  robot  arm 
[5]. 

The  key  point  leading  to  the  success  of  (his  work  is  our  modeling 
of  highlights  as  a  linear  combination  of  both  body  and  interlace 
reflection.  In  contrast,  previous  "ork  on  highlight  detection  in 
images  has  generally  assumed  that  the  color  of  the  pixels  within  a 
highlight  is  completely  unrelated  to  the  object  color.  This 
assumption  would  result  in  two  unconnected  clusters  in  the  color 
space:  one  line  or  ellipsoid  representing  the  object  color  and  one 
point  or  sphere  representing  the  highlight  color.  Our  model  and 
our  color  histograms  demonstrate  that,  in  real  scenes,  a  transition 
area  exists  on  the  objects  from  purely  matte  areas  to  the  spot  that  is 
generally  considered  to  be  the  I  ighlight.  This  tradition  area 
determines  tne  characteristic  shapes  of  the  color  clusters  which  is 
the  information  that  we  use  to  detect  and  remove  highlights.  This 
view  of  highlights  should  open  the  way  for  quantitative  shape- from- 
gloss  analysis,  as  opposed  to  the  current  binary  methods  based  on 
thresholding  intensity. 

Our  approach  to  color  image-  analysis  may  influence  research  in 
other  areas  of  color  computer  vision.  The  color  histograms 
demonstrate  that  all  color  pixels  from  one  object  (material)  form  a 
single  cluster  in  the  color  space.  A  color  cluster  thus  groups  pixels 
into  areas  of  constant  material  properties,  independently  of 
illumination  geometry  influences,  such  as  shading  or  highlights. 
This  finding  can  be  used  by  color  segmentation  algorithms  to 
distinguish  material  changes  from  shading  or  highlight  boundaries. 
Furthermore,  the  shape  of  the  color  clusters  reveals  some 
information  about  the  illumination  geometry  and  the  object  shapes. 
We  are  currently  investigating  these  implications  of  the  model  to 
improve  color  image  understanding  methods,  and  we  are  also 
considering  extensions  of  the  model  to  account  for  other  material 
types  and  more  complex  illumination  conditions  including  ambient 
light,  light  sources  in  several  colors,  shadow  casting  and  inter¬ 
reflection  between  objects. 


Aithoug  -  -i  rent  method  has  only  been  applied  in  a 
:aboraiory  setting,  !ts  initial  success  shows  the  value  of  modeling 
the  physical  nature  of  the  visual  environment.  Our  work  and  the 
work  of  others  in  this  area  may  lead  to  meihods  that  will  free 
computer  vision  from  its  current  dependence  on  signal-based 
methods  for  image  segmentation. 
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ABSTRACT 

Humans  can  recognize  familiar,  but  unexpected 
objects,  belonging  to  highly  variable  object  classes,  in  a 
fraction  of  a  second — a.  few  hundred  cycles  of  the  neural 
visual  “hardware”.  This  position  paper  suggests  compu¬ 
tational  techniques  that  could  serve  as  a  basis  for  this 
type  of  object  recognition  if  implemented  on  appropriate 
parallel  hardware. 

1.  INTRODUCTION 

Imagine  that  you  are  viewing  a  random  sequence  of 
slides,  each  showing  a  single  familiar  object  on  a  blank 
background.  The  objects  might  include  specific  kinds  of 
animals,  plants,  furniture,  household  implements,  tools, 
office  equipment,  alphanumeric  characters;  there  are  hun¬ 
dreds  of  possible  object  classes,  and  the  objects  in  each 
class  can  vary  widely.  Nevertheless,  if  an  object  is 
sufficiently  unambiguous,  you  have  no  trouble  “instantly” 
identifying  it,  even  if  the  slide  showing  it  is  displayed  for 
a  very  short  time.  Within  a  fraction  of  a  second  after  the 
light  from  a  slide  reaches  your  eyes,  you  are  ready  to 
name  the  object  appearing  in  the  slide. 

The  neurons  in  your  brain’s  visual  pathway  cannot 
perform  long  sequences  of  computations  in  a  fraction  of  a 
second;  during  that  time  any  one  neuron  can  fire  at  most 
on  the  order  of  100  times.  Evidently,  your  visual  system 
n  ust  be  able  to  perform  complex  tasks  very  rapidly 
thiough  the  use  of  massive  parallelism.  In  particular,  it 
is  able  to  recognize  familiar,  but  unexpected  objects, 
belong  to  highly  variable  object  classes,  in  at  most  a  few 
hundred  cycles  of  its  “wetware”. 

Traditional  computational  approaches  to  object 
recognition  fall  many  orders  of  magnitude  short  of  this 
performance.  This  is  not  simply  because  they  are  imple¬ 
mented  on  single-processor  computers;  many  of  the  tradi¬ 
tional  techniques  are  inherently  sequential,  and  it  is  not 
obvious  how  they  eould  be  speeded  up  to  the  required 
degree  even  through  massively  parallel  multiprocessing. 
The  purpose  of  this  position  paper  is  to  suggest  some 
computational  techniques  that  could  serve  as  a  basis  for 
rapid  recognition  of  objects,  if  implemented  on  suitable 
parallel  hardware. 

This  research  was  supported  by  the  National  Science  Foundation  under  Grant 
DCR-80-03723. 

Note:  This  paper  is  frankly  speculative;  many  of  the  ideas  in  it  are  still  in  their  for¬ 
mative  stages.  It  is  being  published  in  this  preliminary  form  in  order  to  invite 

comments,  criticisms,  and  counterexamples. 


In  the  real  world,  object  recognition  is  greatly  aided 
(or  occasionally  misled)  by  expectations  and  by  context. 
Thus  a  computational  model  for  real-world  object  recog¬ 
nition  should  be  strongly  goal-directed.  But  as  our  ran¬ 
dom  slide  show  experiment  demonstrates,  rapid,  accurate 
recognition  is  also  possible  in  the  absence  of  prior  expec¬ 
tations  or  contextual  clues.  We  deal  in  this  paper  only 
with  this  type  of  recognition. 

Section  2  of  this  paper  reviews  traditional  paradigms 
for  characterizing  and  recognizing  complex  classes  of 
objects,  and  points  out  some  of  their  serious  limitations. 
Section  3  presents  some  conjectures  about  how  humans 
may  characterize  such  object  classes,  and  Section  4 
discusses  how  objects  might  be  rapidly  recognized  using 
appropriate  parallel  hardware. 

2.  CLASSICAL  PARADIGMS  AND  THEIR 
LIMITATIONS 

In  this  section  we  briefly  review  classical  paradigms 
for  characterizing  (or  “modeling”)  classes  of  objects  and 
for  recognizing  an  object  as  belonging  to  a  given  class, 
and  indicate  why  these  paradigms  are  inadequate  for  our 
purposes. 

2.1.  Characterizing  objects 

The  traditional  approach  to  characterizing  a  class  of 
objects  is  to  regard  the  objects  as  composed  of  parts  that 
have  given  properties  and  are  related  in  given  ways.  The 
parts  can  in  turn  be  regarded  as  composed  of  subparts, 

etc.,  but  in  practice  the  hierarchy  of  parts,  subparts,. . .  is 
not  very  deep.  In  this  paper  we  will  generally  ignore  the 
hierarchical  nature  of  object  parts.  We  will  also  consider 
primarily  geometric  properties  and  relations  of  the  parts, 
but  our  ideas  extend  straightforwardly  to  incorporate 
properties  and  relations  involving  shading,  color,  or  tex¬ 
ture. 

The  parts/properties/relations  approach  is  quite 
satisfactory  for  describing  manufactured  objects  com¬ 
posed  of  well-defined,  precisely  described  parts,  but  its 
limitations  become  apparent  if  we  try  to  apply  it  to  even 
the  simplest  classes  of  real-world  objects.  Here,  even  if 
the  parts  are  well-defined,  it  is  by  no  means  easy  to 
define  the  constraints  on  property  and  relation  values 
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that  characterize  a  given  object  class.  To  give  a  very 
simple,  two-dimensional  example,  suppose  the  objects  are 
alphanumeric  characters  composed  of  straight  line  seg¬ 
ments.  (Note  that  this  ignores  not  only  shading,  color, 
etc.,  but  also  stroke  thickness,  curvature,  gaps,  wiggles, 
serifs,  flourishes,  etc.)  Given  a  collection  of  three  line  seg¬ 
ments,  what  properties  and  relations  must  it  have  in 
order  to  be  recognized  as  a  block  capital  “A”?  The  field 
of  automatic  character  recognition  is  over  30  years  old, 
but  no  one  has  yet  succeeded  in  completely  formulating 
such  m  definition. 

The  difficulty  of  fully  characterizing  classes  of  real- 
world  objects  arises  from  t  wo  sources: 

a)  Such  classes  generally  do  not  have  crisp  definitions; 
they  must  he  defined  “fuzzily”.  In  our  “A”  exam¬ 
ple,  some  configurations  of  three  line  segments  would 
be  recognized  by  all  observers  as  perfect  A’s,  others 
would  be  regarded  as  imperfect  or  distorted  A’s,  still 
others  would  he  rejected  by  some  observers,  and  so 
on.  (For  some  additional  remarks  on  the  reeogniza- 
bility  of  alphanumeric  characters  see  Section  5.) 
Thus  it  is  not  always  obvious  whether  a  given 
configuration  is  or  is  not  an  A;  we  can  at  best  assign 
it  a  degree  of  membership  in  the  class  of  A’s. 

b)  The  space  of  configurations  of  object  parts  has  many 
degrees  of  freedom,  even  if  the  parts  themselves  are 
simple  (here:  straight  line  segments).  Thus  to 
characterize  the  class  of  A’s,  we  must  define  its 
“membership  function”  over  a  high-dimensional 
space.  This  function  does  not  have  a  simple  form; 

the  property  and  relation  values  that  give  rise  to 

acceptable  A’s  are  highly  interdependent. 

Thus  characterizing  object  classes  can  be  impractical 
even  when  the  objects  are  two-dimensional  and  are  com¬ 
posed  of  well-defined  parts  (such  as  straight  line  seg¬ 
ments)  for  which  only  a  few  well-defined  properties  and 
relations  are  relevant.  It  becomes  even  less  practical 
when  the  parts,  properties,  and  relations  are  not 
mathematically  well  defined— e.g.,  what  are  the  parts 
that  comprise  a  script  capital  A,  and  how  are  the  shapes 
of  t  hese  parts  characterized? 

2.2.  Recognizing  objects 

Suppose  we  have  somehow  succeeded  in  characteriz¬ 
ing  a  class  of  objects  in  terms  of  parts,  properties,  and 
relations.  Recognizing  that  an  object  belonging  to  the 
given  class  appears  in  an  image  may  still  be  very  difficult. 
The  standard  approach  to  object  recognition  involves 
finding  appropriate  parts  in  the  image  (i.e.,  segmenta¬ 
tion);  computing  properties  of  and  relations  among  these 
parts;  and  looking  for  a  configuration  of  parts  whose  pro¬ 
perty  and  relation  values  satisfy  the  constraints  that 
characterize  the  given  class.  It  is  well  known  that  each  of 
these  steps  involves  major  difficulties,  some  of  which  will 
now  be  discussed. 

a)  Finding  the  parts  in  the  image 

In  an  image  of  a  three-dimensional  object,  the  parts 
of  the  object  may  not  all  be  visible,  and  even  if  a  part  is 


visible,  the  image  shows  only  a  two-dimensional  projec¬ 
tion  of  it,  seen  from  a  viewpoint  that  is  not  known  a 
priori.  Thus  relating  image  parts  (regions,  region  boun 
daries  (“edges”),  etc.)  to  object  parts  is  not  straightfor¬ 
ward. 

Even  if  the  object  is  two-dimensional  (e.g.,  an 
alphanumeric  character),  so  that  its  parts  are  all  visible 
in  the  image,  it  may  be  difficult  to  find  them  correctly. 
Finding  regions  or  region  boundaries  in  a  noisy  image  is 
difficult,  and  so  is  segmentation  of  a  region  or  boundary 
into  parts  based  on  geometric  criteria. 

Even  if  segmentation  can  be  performed  correctly, 
conventional  segmentation  techniques  are  generally  slow. 
For  example,  detecting  a  long  straight  line  segment  by 
conventional  methods  requires  a  number  of  computa¬ 
tional  steps  on  the  order  of  the  segment  length,  which 
may  be  hundreds  of  pixels.  Similar  remarks  apply  to  seg¬ 
mentation  tasks  involving  more  general  types  of  regions, 
region  boundaries,  or  curves. 

b)  Measuring  properties  and  relations 

For  a  three-dimensional  object,  the  properties  of  and 
relations  between  projected  images  of  object  parts  pro¬ 
vide  only  partial  information  about  the  three-dimensional 
properties  of  and  relations  between  the  corresponding 
object  parts,  and  thus  are  of  limited  value  in  object 
recognition. 

Even  if  the  object  is  two-dimensional,  many  of  the 
parts  found  in  the  image  will  be  'noise”;  for  example,  an 
object  part  may  be  represented  by  two  or  more  image 
regions,  or  a  region  may  represent  a  fusion  of  two  or 
more  object  parts.  Thus  the  properties  of  many  of  the 
image  parts  will  be  meaningless;  and  the  relations 
between  pairs  of  parts  are  even  less  likely  to  be  meaning¬ 
ful.  [For  example,  if  half  the  parts  are  incorrect,  three- 
quarters  of  the  pairs  of  parts  are  likely  to  be  incorrect.) 

Even  in  cases  where  the  properties  are  meaningful, 
conventional  techniques  for  computing  their  values  are 
relatively  slow.  For  example,  computing  arc  length  or 
region  area  usually  requires  a  number  of  computational 
steps  on  the  order  of  the  quantity  being  measured. 

c)  Finding  configurations  that  satisfy  the  con¬ 
straints 

Finding  sets  of  image  parts  that  could  represent  a 
given  three-dimensional  object  involves  a  process  of  con-  • 
straint  intersection.  For  each  image  part,  and  each 
object  part  that  could  have  given  rise  to  it,  the  position 
and  orientation  of  the  object  must  satisfy  certain 
geometric  constraints.  If  these  constraints  have  a 
nonempty  intersection  for  a  set  of  image  parts  and 
corresponding  object  parts,  we  have  evidence  that  the 
object  is  in  fact  present.  This  method  works  best  when 
the  geometry  of  the  object  is  accurately  known  (e.g.,  it  is 
a  manufactured  object),  so  that  the  projections  of  the 
object  onto  the  image  plane  can  be  accurately  predicted. 
It  is  not  clear  how  well  the  method  works  if  the  object 
belongs  to  a  highly  variable  class  (e.g.,  it  is  an  animal  or 
plant  of  a  given  type). 
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Even  if  the  object  is  two-dimensional,  finding  it  in  a 
noisy  image  may  require  extensive  search  among  the 
image  purls,  especially  if  the  image  parts  do  not  always 
correspond  to  object  parts  due  to  segmentation  errors. 
The  problem  can  be  regarded  as  one  of  finding  an  iso¬ 
morphic  copy  of  a  given  (small)  labeled  graph  as  a  sub¬ 
graph  of  a  (large)  labeled  graph  (possibly  after  some 
merging  or  splitting  of  nodes);  here  the  graph  nodes  are 
the  image  parts,  the  node  labels  are  property  values,  and 
the  arc  labels  are  relation  values.  Techniques  for  finding 
given  subgraphs  in  noisy  graphs  have  been  developed,  but 
they  are  limited  in  the  amount  of  noise  they  can  handle. 

If  we  want  to  be  able  to  recognize  objects  of  many 
different  types  in  the  image,  the  classical  approach 
requires  us  to  search  for  them  one  by  one,  sinee  we  do 
not  know  in  advance  which  ones  may  be  present.  If  the 
number  of  object  types  is  large,  this  sequential  search 
process  is  too  slow.  In  principle  it  can  be  speeded  up  by 
hierarchically  “indexing”  the  objects  so  that,  by  applying 
tests  of  increasing  complexity,  we  can  successively  elim¬ 
inate  classes  of  objects;  but  it  is  not  clear  how  to  do  this 
in  practice  for  a  widely  diverse  collection  of  highly  vari¬ 
able  object  types. 

3.  SOME  CONJECTURES  ABOUT  OBJECT 
INSCRIPTION 

We  have  seen  that  if  the  traditional  paradigms  are 
used,  it  is  diflletilt  to  characterize  real-world  classes-  of 
objects  explicitly  or  to  recognize  them  in  an  image. 
Illimani?,  however,  can  rapidly  and  reliably  recognize  such 
objects.  This  suggests  that  humans  use  simplified 
methods  ol  characterizing  classes  of  objects,  designed  so 
that,  the  constraints  defining  the  classes  can  be  quickly 
cheeked  when  an  image  is  presented. 

This  section  proposes  a  set  of  conjectures  about  the 
methods  that  humans  may  use,  when  performing  rapid 
object  recognition,  to  describe  objects  and  to  characterize 
classes  of  objects.  As  in  Section  2,  we  will  emphasize  the 
geometrical  level  of  description,  an  gnore  shading,  color, 
and  texture.  Many  facts  about  the  man  visual  system 
will  also  he  ignored,  for  simplicity;  for  example,  we  do 
not  take  into  account  the  falloff  of  resolution  away  from 
the  center  of  the  field  of  view,  nor  the  fact  that  proper¬ 
ties  are  often  not  computed  veridically  (illusions). 

Conjecture  1 

l’’or  purposes  of  rapid  recognition,  hitmans  represent  a 
three-dimensional  object  by  a  set  of  characteristic  views 
or  aspeits’ .  t.e.  by  a  set  of  commonly  occurring  two- 
dimensional  projections. 

In  eflect,  this  reduces  tile  problem  of  rapid  three- 
dimensional  object  recognition  to  a  set  of  two- 
dimensional  problems.  The  number  of  aspects  needed 
could  in  principle  lie  quite  large,  but  ordinarily  object 
orientations  are  quite  constrained.  We  tend  to  visualize 
familiar  objects  ;s  seen  from  one  of  a  few  standard 


viewpoints;  probably  we  recognize  them  rapidly  only 
when  seen  from  approximately  those  viewpoints.  Recog¬ 
nition  from  other  viewpoints  may  require  “mental  rota¬ 
tion'  .  which  is  reported  to  take  on  the  order  of  a  second 
or  longer. 

1  lie  constraints  on  part  properties  and  relations  that 
characterize  an  object  must  be  quite  loose  if  the  object  is 
to  be  recognized  from  a  viewpoint  that  is  known  only 
approximately,  since  most  property  and  relation  values 
vary  under  perspective  transformations.  In  fa.ct,  it  lias 
been  found  that  the  human  observer  is  a  "sloppy  geome¬ 
ter"  (;*],  and  "recognizes”  objects  even  if  their  representa¬ 
tions  in  an  image  are  not  geometrically  correct. 

The  parts  themselves  must  also  remain  fairly  stable 
under  changes  in  viewpoint.  When  a  change,  causes 
major  parts  to  appear  or  disappear,  merge  or  split,  it  has 
given  rise  to  a  new  aspect.  Minor  changes  give  rise  to 
“snbaspects”;  hierarchical  indexing  of  the  aspects  would 
probably  be  a  useful  aid  to  rapid  recognition. 

Conjecture  2 

To  a  first  approximation,  humans  describe  the  image  of 
an  object  fas  seen  from  a  given  aspect)  as  consisting  of  a 
set  of  “ primitive  ”  parts  There  are  two  types  of  such 
parts:  pieces  of  regions  and  pieces  of  boundaries. 

A  primitive  piece  of  boundary  is  a  maximal  boun¬ 
dary  arc  having  a  simple  shape,  e.g.  straight  (i.o..  a 
"side"),  convex,  concave,  etc.  (cf.  the  “codons"  of  1 1]).  A 
primitive  piece  of  region  is  a  maximal  subregion  having 
approximate  central  symmetry  (i.o.,  a  blob),  or  a  simplc- 
slnped  local  symmetry  axis  and  a  width  function  of  a 
simple  form  (i.e.,  a  ribbon;  ef.  the  “smoothed  local  sym¬ 
metries'’  of  [5]).  We  will  not  try  to  precisely  define  the 
class  of  primitive  parts  here;  they  are  not  necessarily  the 
same  as  eodons  or  smoothed  local  symmetries. 

We  conjecture  that  the  primitive  parts  are  the  per¬ 
ceptually  salient  parts  of  an  object,  in  the  sense  that 
object  descriptions  are  formulated  in  terms  of  the  proper¬ 
ties  of  and  relations  between  these  parts.  Note  that 
primitive  parts  are  not  always  unambiguously  defined;  it 
may  be  unclear,  for  example,  whether  a  nearly  straight 
arc  should  be  regarded  as  a  single  boundary  piece  or  as  a 
concatenation  of  two  pieces. 

Even  in  the  simplest  cases,  the  parts  themselves  have 
parts,  e.g.  endpoints  (for  example,  a  corner  is  an  endpoint 
of  two  boundary  segments  and  of  a  symmetry  axis  seg¬ 
ment),  and  these  subpnrts  too  are  perceptually  salient. 
Similarly,  a  blob  has  a  boundary,  and  a  ribbon  lias 
"sides"  and  “ends  '.  In  fact,  the  parts  are  not  truly 
primitive;  they  are  consistent  configurations  of  sub  parts. 

Parts-  can  be  defined  at  different  scales.  For  exam¬ 
ple,  a  wiggly  edge  is  regarded  as  consisting  of  many  short 
segments  at  a  fine  scale,  but  may  be  regarded  as  a  single 
“straight  edge  at  a  coarser  scale.  .Similarly,  a  symmetry 
axis-  may  have  many  small  branches  at  a  fine  scale,  lnit 
may  he  regarded  as  a  simple  arc  at  a  coarser  scale;  or  a 
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string  of  small  blobs  may  form  a  dotted  are  at  a  coarse 
sca.le.  The  parts  that  play  dominant  roles  in  the  descrip¬ 
tion  of  an  object  are  likely  to  be  those  that  are  defined  at 
relatively  large  scales,  comparable  to  the  object  size. 
However,  this  is  not  simply  a  matter  of  resolution;  small 
parts  are  perceptually  conspicuous  if  they  are  isolated. 

Conjecture  3 

The  properties  used  by  humans  to  describe  parts  for  pur¬ 
poses  of  rapid  recognition  are  local  property  values,  or 
simple  combinations  of  suck  values. 

Such  properties  might  include  position  (of  an  end¬ 
point  or  a  centroid);  arc  length  (of  a  boundary  or  sym¬ 
metry  axis  segment);  average  radius  (of  a  blob)  or  width 
(of  a  ribbon);  area;  slope  (at  an  endpoint),  average  slope, 
or  slope  of  principal  axis;  average  absolute  curvature; 
number  of  local  extrema  or  zero- crossings  of  curvature; 
etc.  [We  will  not  discuss  here  the  nature  of  the 
coordinate  frame  with  respect  to  which  position  and  slope 
are  defined.]  Maxima  or  minima  rather  than  sums  or 
averages  can  also  be  useful;  for  example,  position  extrema 
define  a  “box”  within  which  the  part  is  contained.  This 
is  not  meant  to  be  an  exhaustive  list,  but  it  indicates  the 
variety  of  global  properties  that  can  be  computed  by 
combining  local  property  values  in  simple  ways,  eg.  by 
summation.  Other  properties  can  be  defined  as  combina¬ 
tions  of  these,  e.g.  the  “shape  factor”  of  a  blob 
(area/ perimeter2)  or  the  elongatedness  of  a  ribbon 
(length/ width).  Still  other  properties  of  parts  ean  be 
defined  in  terms  of  the  absence  of  other,  undesired  parts; 
for  example,  a  boundary  is  smooth  if  it  has  no  corners. 

'flic  topological  property  of  connectedness  cannot  be 
defined  by  combining  local  property  values.  On  the  other 
hand,  it  is  well  known  that  the  connectedness  of  a  region 
is  not  perceived  immediately  unless  the  region  has  a 
sufficiently  simple  shape.  We  conjecture  that  non- 
connectedness  is  perceived  immediately  only  when  the 
parts  are  clearly  separated,  e.g,  when  they  are  contained 
in  disjoint  “boxes". 

Conjecture  4 

The  relations  used  by  humans  to  describe  combinations  of 
parts  for  purposes  of  rapid  recognition  are  defined  in 
/<  'ins  of  relative  values  of  properties. 

For  example,  we  can  specify  that  two  parts  are 
(approximately)  equal  (with  respect  to  a  particular  pro¬ 
perty  value),  that,  one  is  greater  than  the  other,  etc. 
Note  that  since  position  is  a  property,  this  allows  rela¬ 
tions  of  relative  position,  such  as  distance,  as  well  as 
more  qualitative  relations  of  direction  and  distance  such 
as  above/below,  left/right,  near/far,  etc.  Relative  values 
of  relative  property  values  can  also  be  used,  e.g. 
nearer/farther,  which  involve  relative  distances,  or 
“between  ,  which  involves  relative  directions. 

Some  relations  between  parts  cannot  easily  be 
expressed  in  terms  of  relative  property  values.  Examples 


are  adjacency  (of  two  regions),  tangenev  (of  two  boun¬ 
daries),  or  crossing  (of  two  curves).  Note,  however,  that 
these  relations  can  usually  be  associated  with  the  pres¬ 
ence  or  absence  of  other  perceptually  salient  parts  e.g., 
if  two  regions  fail  to  be  adjacent  along  some  segment  of 
their  boundary,  a  ribbonlike  gap  must  exist  between 
them,  while  if  two  curves  cross  or  touch,  angles  are 
created  at  their  intersection  point,.  We  conjecture  that 
relations  such  as  adjacency  are  not  perceived  immedi¬ 
ately,  and  that  nonadjacency  is  perceived  immediately 
only  when  it  gives  rise  to  a  perceptually  conspicuous  gap. 

The  topological  relation  of  snrronndedness  (i.e,,  the 
fact  that  one  part  is  inside  another)  is  also  not  always 
perceived  immediately.  We  conjecture  that  lion- 
surrounded  ness  is  perceived  immediately  only  when  there 
is  a  clear  line  of  sight  (e.g.,  when  some  perceptually 
salient  point  of  the  inner  object  has  no  point  of  the  outer 
object  to  its  right),  which  is  a  relation  of  relative  posi¬ 
tion. 

Conjecture  5 

Humans  characterize  a  class  of  objects  (as  seen  from  a 
given  aspect)  using  a  set  of  simple  unidimensional  con¬ 
straints  on  individual  properly  and  relative  property 
values:  they  do  not.  use  multidimensional,  constraints. 

To  give  a  very  simple  illustration  of  this  idea,  we 
consider  a  block  capital  L,  since  it  is  even  simpler  than 
an  A  configuration  of  two  straight  line  segments  looks 
like  an  L  if  one  is  appioximately  vertical,  the  other 
approximately  horizontal,  and  the  lower  endpoint  of  the 
vertical  segment  approximately  coincides  with  the  left 
endpoint  of  the  horizontal  segment.  In  addition,  the  ratio 
of  the  lengths  of  t. he  segments  should  lie  in  the  proper 
range,  with  the  vertical  somewhat  longer  than  the  hor¬ 
izontal. 

Each  of  these  constraints  can  lie  expressed  as  a  toler¬ 
ance  interval  around  an  ideal  property  or  relative  pro¬ 
perty  value;  or,  more  gene-ally,  it  can  lie  expressed  as  a 
membership  function  from  the  set  of  values  into  [0,1]. 
Eor  example,  the  membership  function  for  “approxi¬ 
mately  horizontal”  is  defined  on  the  property  of  slope1  and 
has  a  peak  around  0°.  (The  exact  size  and  shape  of  this 
peak  need  not  concern  us  here.)  Similarly,  l he  member¬ 
ship  function  for  the  ratio  of  the  segment  lengths 
(vertical ".horizontal)  has  a  peak  in  some  range  above  I. 
The  membership  function  for  “approximately  coincides” 
can  also  lie  defined  as  a  ratio,  where  the  numerator  is  the 
distance  between  the  endpoints  (i.e.,  the  difference 
between  their  positions)  and  the  denominator  is  the  sum 
(or  max)  of  the  segment  lengths.  [Note  that  for  some 
properties  (position,  slope)  it  is  appropriate  to  define 
“relative”  in  terms  of  differences,  while  for  others  (length) 
it  is  appropriate  to  use  ratios.] 

Pile  constraints  on  nil  1  listed  above  are  not 
independent..  The  slopes  of  the  two  segments  cannot  sim¬ 
ply  be  chosen  independently,  with  one  approximately  hor¬ 
izontal  and  the  other  approximately  vortical;  in  addition. 
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the  slopes  must  be  such  that  the  segments  are  approxi¬ 
mately  perpendicular.  In  a  classical  pattern  recognition 
framework,  this  would  be  expressed  by  a  bivariate 
membership  function  (defined  on  the  pair  of  slopes)  of  an 
appropriate  form,  with  the  membership  value  dropping 
off  as  the  individual  slopes  depart  from  their  ideal  values 
(0°  and  90°)  and  also  as  their  difference  departs  from  90°. 
II  e  conjecture  that  humans  do  not  use  such  bivariate  con¬ 
straints,  but  rather  use  sets  of  redundant  univariate  con¬ 
straints  In  our  example,  in  addition  to  the  constraints  of 
approximate  horizontality  and  vertieality  on  the  indivi¬ 
dual  segments,  we  would  impose  a  constraint  of  approxi¬ 
mate  perpendicularity,  defined  by  a.  membership  function 
on  the  difference  of  slopes,  peaked  around  90“.  We  con¬ 
jecture  that  these  three  constraints  are  treated  by 
humans  as  though  they  were  independent,  though  in  fact 
they  are  not;  and  that  overall  membership  is  measured  bv 
“intersecting”  them  (i.e.,  by  taking  the  min  of  their 
membership  values).  Thus  in  characterizing  objects  we 
use  a  higher  number  of  dimensions  than  necessary  (here: 
three,  even  though  there  are  only  two  slopes);  we  treat 
the  dimensions  as  independent  even  though  they  are 
mathematically  related,  and  we  treat  them  all  alike  even 
though  some  of  them  can  be  regarded  as  more  basic  than 
others  (e.g.,  the  slopes  are  basic  dimensions,  while  their 
difference  is  a  “derived"  dimension).  We  do  not  map  the 
constraints  on  the  redundant  dimensions  into  a  subspare 
having  only  the  minimal  necessary  number  of  dimensions, 
as  would  be  done  in  the  classical  approach. 

The  constraints  used  in  our  example  have  all  been  of 
a  very  simple  form,  defined  by  membership  functions 
having  single  peaks.  We  conjecture  that  humans  gen¬ 
erally  use  only  such  unimodal  membership  functions  If  a 
membership  function  is  strongly  bimodat,  humans  regard 
the  object,  class  as  consisting  of  two  subclasses,  each  hav¬ 
ing  a  unimodal  membership.  Functions  of  complex  form 
are  not,  used;  the  basic  form  of  a  peak  is  a  plateau  having 
simple-shaped  dropoffs. 

4.  AN  APPROACH  TO  OBJECT 
RECOGNITION 

We  have  conjectured  in  Section  3  that  for  purposes 
of  rapid  recognition,  humans  use  a  simple  class  of  object 
descriptions,  based  on  typical  aspects,  perceptually  salient 
parts,  and  simple  property  and  relative  property  values, 
and  that,  they  characterize  object  types  by  imposing  sim¬ 
ple  univariate  constraints  on  these  values.  We  now  sug¬ 
gest  how  objects  characterized  in  this  way  can  be  rapidly 
recognized  using  suitaole  parallel  computational  tech¬ 
niques. 

Onr  approach  consists  of  three  stages: 

(1)  d  he  image  is  input  to  an  array  of  processors  hav¬ 
ing  an  appropriate  type  of  connectivity;  two 
extensively  used  examples  of  such  arrays  are  a 
hypercube  and  an  exponentially  tapering  pyramid. 
This  processor  array  segments  perceptually  salient 
parts  from  the  image  and  measures  their  property 


values  in  time  proportional  to  the  logarithm  of  the 
image  size  (the  dimension  of  the  hypercube  or  the 
height  of  the  pyramid). 

(2)  The  part  properties  are  broadcast  to  another  set 
of  processors  that  contain  object  characterizations. 

(3)  Faeh  of  these  “object  processors"  computes  the 
appropriate  relative  property  values  and  checks 
whether  the  constraints  defining  its  object  type 
are  satisfied. 

Further  details  about  these  stages  will  be  given  below. 
Note,  meanwhile,  that  at  stage  (l),  by  using  hypercube- 
or  pyramid-connected  hardware  operating  in  parallel,  seg¬ 
mentation  and  property  measurement  are  performed  very 
rapidly.  The  broadcasting  at  stage  (2)  is  basically 
sequential,  but  we  assume  that  the  properties  of  only  the 
most  conspicuous  image  parts  are  broadcast,  so  that  the 
total  amount  of  data  broadcast  is  limited.  Finally,  at 
stage  (3)  the  part  descriptions  (property  values)  extracted 
from  the  image  are  checked  in  parallel  against  the  entire 
set  of  object  characterizations.  [In  terms  of  subgraph  iso¬ 
morphism,  here  the  subgraphs  all  check  the  data 
extracted  from  the  graph,  in  parallel,  looking  for  copies  of 
themselves;  this  is  the  reverse  of  the  traditional  procedure 
in  whieh  the  graph  checks  itself  for  copies  of  the  sub¬ 
graphs.] 

4.1.  Part  segmentation  and  property  value  com¬ 
putation 

Segmentation  of  arbitrary  (complex-shaped)  regions 
or  boundaries  from  an  image  seems  to  require  computa¬ 
tion  time  on  the  order  of  the  region  diameter  or  boundary 
length,  even  if  implemented  on  parallel  hardware.  If  we 
restrict  ourselves  to  “primitive”  (i.e.,  simple-shaped) 
boundary  ares  or  regions,  however,  such  as  sides,  blobs, 
or  ribbons,  divide-nnd-conquer  techniques  can  be  used  to 
segment  them  from  the  image  in  times  on  the  order  of 
the  log  of  the  diameter  or  length,  using  appropriate  paral¬ 
lel  hardware.  Techniques  for  performing  these  types  of 
fast  segmentation  operations  on  an  image  are  under 
intensive  study  in  onr  laboratory;  for  a  recent  review  of 
this  work  see  [0], 

We  assume  that  the  image,  say  of  size  2"  X  2“ ,  is 
input,  to  a  square  array  of  processors  (“cells”,  for  short), 
one  pixel  per  cell.  In  a  hypercube,  each  cell  is  connected 
to  the  cells  in  its  row  and  column  of  the  array  at  dis¬ 
tances  I,  2,  4,  .  .  ,  2"  1  (modulo  2").  In  a  pyramid,  we 
have  n  additional  arrays  of  cells  of  sizes  2"  1  X  2”  1 , 
2"  "  X  2"  ■,  ,  2  X  2.  and  1X1,  one  above  the  other, 

and  each  cell  in  a  given  array  is  connected  to  a  block  of 
cells  '«  the  array  below  it.  The  techniques  discussed  in 
[ti]  assume  a  pyramid  of  cells,  but  they  have  straightfor¬ 
ward  analogs  in  the  hypercube  case. 

Our  techniques  segment  perceptually  salient  parts 
from  the  image  by  constructing  trees  of  pyramid  cells  in 
which  the  root  cell  of  a  tree  represents  the  given  part  and 
the  leaf  cells  (in  the  base  of  the  pyramid)  correspond  to 
the  pixels  that  belong  to  the  part.  Since  the  pyramid 
tapers  exponentially,  the  height  of  a  tree  (and  hence  the 
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time  needed  to  construct  it)  is  proportional  to  the  loga¬ 
rithm  of  the  size  of  the  part.  Parts  that  are  large  or  iso¬ 
lated  are  represented  by  roots  high  up  in  the  pyramid, 
while  small,  non-isolated  parts  correspond  to  roots  lower 
in  the  pyramid.  Thus  our  techniques  are  able  to  rapidly 
find  perceptually  salient,  parts  in  the  image,  and  to 
represent  them  by  roots  whose  heights  in  the  pyramid  are 
related  to  their  r-onspicuousness. 

We  will  not  discuss  here  in  detail  the  types  of  parts 
that  can  be  segmented  from  an  image  using  these  tech¬ 
niques,  but  it  is  suggested  in  [0]  that  they  include  “group¬ 
ings”  of  pixels  (having  given  local  properties)  that  satisfy 
the  Gestalt  “laws”  of  similarity,  proximity,  good  con¬ 
tinuation,  and  closure.  It,  is  widely  agreed  among 
psychologists  that  iri  human  perception,  such  parts  are 
generated  by  “proattentivo”  processes,  and  are  then  used 
in  the  process  of  object  recognition.  [The  recognition 
process  too  must  he  regarded  as  “preattentive”  when  we 
are  dealing  with  unexpected  objects  and  are  able  to 
recognize  them  “at  a  glance”.  On  the  other  hand,  the 
grouping  processes  are  probably  innate,  whereas  charac¬ 
terizations  of  objects  must  he  learned.] 

If  an  image  part  is  represented  by  a  tree  of  pyramid 
cells,  properties  of  the  part  defined  by  sums,  maxima,  etc. 
of  local  property  values  can  he  quickly  computed  by  the 
cells  in  the  tree,  using  simple  divide-and-conquer  tech¬ 
niques,  so  that  the  results  are  available  at.  the  root  of  the 
tree  in  time  proportional  to  the  tree  height,  i.e.  to  the 
logarithm  of  the  part  size. 

A  cell  high  up  in  the  pyramid  obtains  input  data 
from  a  large  block  of  the  image.  Such  a  block  may  con¬ 
tain  or  intersect  many  image  parts;  many  blob-like  parts 
may  be  contained  in  it,  and  many  arc-like  or  ribbon-like 
parts  may  pass  through  it.  We  assume  that  the  capacity 
of  a  cell  to  represent  (pieces  of)  parts  is  limited,  and  that 
if  this  capacity  is  exceeded,  the  cell  preserves  only  statist¬ 
ical  information  about  the  properties  of  the  set  of  parts 
that  its  image  block  contains.  We  further  assume  that 
the  cell  tries  to  group  its  set,  of  parts  into  subsets  having 
unintodally  distributed  property  values.  In  particular,  if 
one  of  the  parts  differs  sufficiently  from  all  the  others,  the 
cell  preserves  information  about  I  lie  unique  part  while 
statistically  summarizing  the  data  about  the  others. 
Thus  unique  image  parts,  even  if  they  are  not  isolated, 
are  represented  hv  root  cells  relatively  high  in  the 
pyramid. 

4.2.  Broadcasting 

We  postulate  a  “readout”  process  that  scans  the 
upper  levels  of  the  pyramid  and  broadcasts  the  set  of  pro¬ 
perty  values  (or  statistical  summaries  of  property  values) 
stored  at  each  cel!  to  the  object  processors  (i.e.,  the  pro¬ 
cessors  that,  contain  characterizations  of  objects). 
According  to  the  principles  sketched  in  Section  1.1,  the 
cells  on  the  upper  levels  of  the  pyramid  contain  statistical 
summaries  of  the  properties  of  small  image  parts,  as  well 
as  properties  of  individual  parts  that  arc  large,  isolated, 
or  unique.  These  latter  are  the  parts  that  are  perceptu¬ 


ally  conspicuous,  i.e.  whose  presence  in  the  image  is 
noticed  “immediately”. 

Our  assumption  that  the  readout  process  starts  with 
the  upper  levels  of  the  pyramid  applies  to  situations  in 
which  there  are  no  prior  expectations.  Presumably,  prior 
knowledge  can  be  used  to  control  the  order  of  readout,  as 
regards  types  of  parts,  sizes,  positions,  etc.;  but  goal- 
directed  processing  will  not  be  discussed  in  this  paper. 

4.3.  Constraint  checking 

When  an  object  processor  receives  the  broadcast 
data,  it  computes  (for  each  possible  association  of  the 
image  parts  with  object  parts)  the  necessary  relative  pro¬ 
perty  values  and  checks  whether  the  appropriate  con¬ 
straints  are  satisfied.  Note  that  relative  property  values 
are  not  computed  in  the  pyramid  and  are  not  broadcast; 
this  saves  much  broadcasting  time,  and  each  object  pro¬ 
cessor  computes  only  those  relative  values  that  it  needs. 
Relations  between  parts  defined  by  the  presence  of  other 
parts  (e.g.,  perceptually  conspicuous  gaps)  are  also  deter¬ 
mined  at  this  stage.  (Relations  based  on  the  absence  of 
other  parts  cannot  be  reliably  determined,  since  the  other 
parts  may  be  present  but  their  properties  may  not  have 
been  broadcast.) 

We  do  not  consider  here  how  the  object  processors 
are  related  to  one  another  or  how  they  are  intercon¬ 
nected.  One  can  imagine  that  they  are  organized  in  some 
type  of  whole/part  hierarchical  structure  in  which  objects 
can  have  subobjeets  in  common,  so  that  the  subobjects 
need  only  be  processed  once.  On  the  other  hand,  a 
hierarchical  organization  based  on  object  classes  (e.g., 
“dog”  and  “horse"  are  subclasses  of  “mammal”)  is  less 
relevant  to  our  objeet  recognition  task:  the  parts  seg¬ 
mented  from  an  image  may  look  like  parts  of  a  (specific 
type  of)  dog  or  horse,  but  it  is  not  clear  what  the  parts  of 
a  general  mammal  look  like.  The  organization  of  our 
object  processors,  which  are  concerned  with  iconic 
descriptions  of  objeets,  constitutes  only  one  aspect  of  the 
organization  of  semantic  memory,  which  also  involves  the 
names  of  the  objeets,  their  class  relations  and 

associations,  their  functional  roles,  and  so  on. 

Sinee  the  image  is  usually  noisy,  many  of  the  parts 
segmented  from  the  image  will  not  correspond  to  object 
parts.  Thus  even  if  an  object  is  present,  its  description  is 
not  likely  to  be  more  than  partially  satisfied  by  the  image 
data.  We  assume  that  an  object  is  recognized  at  first 
glance  only  if  many  of  its  parts  are  visible  in  the  image, 
but  this  is  not  the  case  for  any  other  object— i.e.,  the 
configuration  of  parts  visible  in  the  image  is  distinctive. 
(Recall  that  we  are  dealing  with  images  showing  only  a 
single  object  on  a  blank  background.) 

In  some  cases,  an  object  can  be  recognized  based  on 
seeing  only  a  few  of  its  parts,  if  they  are  sufficiently  dis¬ 
tinctive;  this  capability  is  exploited  by  caricaturists.  The 
effectiveness  of  our  approach  depends  on  the  fact  that  our 
pyramid  techniques  can  rapidly  find  global  image  parts 
that  have  rich,  distinctive  descriptions;  the  parts  are  not 
merely  local  features,  which  could  be  rapidly  extracted 
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using  conventional  techniques. 

If  enough  parts  are  visible,  we  recognize  an  object 
even  though  extraneous  parts  may  also  be  present;  for 
example,  we  can  recognize  an  object  even  when  someone 
has  scribbled  on  the  image.  On  the  other  hand,  if  the 
additional  parts  interfere  with  the  segmentation  of  the 
correct  parts— for  example,  if  the  lines  belonging  to  the 
object  are  smoothly  extended  the  object  becomes  very- 
hard  to  detect. 

We  recognize  an  object  even  though  its  parts  may 
also  belong  to  (or  look  like)  other  objects.  This  seems  to 
cause'  no  problem  for  rapid  recognition;  the  rival rous  per¬ 
ceptions  can  be  resolved  in  subsequent  analysis. 

Once  an  object  is  recognized,  it  becomes  possible  to 
reanalyze  the  image  in  a  goal-directed  fashion.  Phis 
allows  us,  for  example,  to  modify  the  segmentation  in  an 
attempt  to  find  missing  parts  (bv  changing  the  segmenta¬ 
tion  criteria  or  by  merging  or  splitting  previously  found 
parts),  to  resolve  inconsistencies,  or  to  examine  less  per¬ 
ceptually  salient  parts  which  represent  finer  details  of  the 
object.  Discussion  of  this  goal-directed  analysis  process  is 
beyond  the  scope  of  this  paper.  [It  should  be  pointed  out 
that  goal-directed  analysis  may  play  a  role  even  in  the 
perception  of  unfamiliar  objects.  If  such  an  object  is 
“recognized"  as  belonging  to  a  given  general  class  (e.g., 
the  class  of  polygons,  of  smooth  blobs,  etc.),  goal-directed 
methods  can  then  be  used  to  confirm  this  description, 
supply  missing  details,  etc.] 

5.  DISCUSSION  AND  DISCLAIMERS 

1  he  purpose  of  this  paper  was  to  suggest  a  computa¬ 
tional  scheme  that  might  account  for  human  performance 
in  recognizing  familiar,  but  unexpected  objects  “at  a 
glance”,  i.c.  in  on  the  order  of  100  neural  “cycles”. 
Assuming  that  an  object  subtends  at  least  several  degrees 
of  visual  angle,  its  retinal  image  is  hundreds  of  receptor 
cells  across,  so  that  conventional  techniques  of  segmenta¬ 
tion  and  property  measurement  would  require  hundred-, 
of  computational  steps,  even  if  implemented  by  parallel 
processing,  e.g.  on  a  mesh-connected  computer.  Our 
pyramid-  (or  hypercube-)  based  approach  should  reduce 
this  time  substantially,  since  the  pyramid  height  is  only 
about  10,  and  we  can  use  divide-and-conqner  techniques 
to  find  the  needed  image  parts  and  compute  their  needed 
properties  in  tens  of  (parallel)  steps.  Only  a  limited 
amount  of  property  data  need  he  broadcast  to  the  object 
processors,  which  then  compute  the  needed  relative  pro 
pei  ty  values  and  carry  out  constraint  checking  in  parallel. 

Our  concepts  of  perceptual  snliency  for  parts,  pro¬ 
perties,  and  relations  have  born  based  on  introspection; 
we  have  not  considered  analysis  techniques  based  on 
processes-  that  do  not.  seem  to  he  subject  to  introspection, 
e.g.  processes  involving  image  transforms.  We  have 
assumed  (at  least  tacitly)  that  the  parts  are  extracted  in 
a  “pyramid  space”  derived  from  the  image  by  resolution 
reduction,  rather  than  in  a  transform  domain.  We  have 
also  assumed  that  the  object,  processors  are  localized, 


rather  than  constituting  some  type  of  distributed 
memory. 

We  have  not  intended  to  imply  that  there  is  a  clear 
dichotomy  between  recognition  at  a  glance  and  recogni¬ 
tion  based  on  deliberate  inspection.  Some  objects  will 
take  longer  to  recognize  because  they  are  more  easily  con¬ 
fused  with  other  objects  or  because  the  image  is  noisier. 
In  terms  of  our  proposed  approach,  it  may  sometimes  he 
necessary  to  obtain  more  data  from  the  image  (from 
lower  pyramid  levels,  e.g.)  before  a  decision  can  be  made 
or  it  may  be  necessary  to  perforin  some  goal-directed  re- 
analysis  in  an  attempt,  to  decide  among  alternative  or 
rival  rous  objects.  If  the  situation  is  noisy  enough  or 
ambiguous  enough,  prolonged  inspection  may  be  neces¬ 
sary.  [We  have  not,  discussed  the  noise-resistant  proper¬ 
ties  of  our  approach,  nor  how  it  might  be  implemented 
using  unreliable  components.]  Our  approach  is  intended 
only  to  demonstrate  how  recognition  might,  take  place 
very  rapidly  in  a  sufficiently  clear-cut  situation. 

At  the  other  extreme,  if  an  object  is  viewed  for  a 
very  short  period  of  time  (e.g..  tens  of  milliseconds),  it  is 
usually  not  possible  to  recognize  it.  hut  it  may  be  possible 
to  get  a  general  impression  of  its  appearance,  e.g.  that  it 
is  compact  or  that  it  is  vertically  elongated.  In  terms  of 
our  approach,  this  may  result  from  lack  of  sufficient  time 
to  broadcast  the  properties  of  any  hut,  the  largest  parts, 
so  that  only  crude  shape  information  is  available. 

Recognition  in  the  absence  of  prior  expectations  or 
context  is  a  very  special  ask;  normally  one  does  have 
expectations,  and  objects  do  not  occur  in  isolation.  How¬ 
ever,  this  special  task  is  an  important  one.  The  visual 
system  is  occasionally  confronted  with  surprises,  and 
must  handle  them  rapidly  and  accurately;  it  cannot 
always  depend  on  expectations.  It  should  he  recognized, 
however,  that  there  arc  many  possible  levels  of  expecta¬ 
tion;  for  example,  in  some  situations  one  might,  he  expect¬ 
ing  a  certain  general  class  of  objects.  In  fact,  some  types 
of  tacit  “expectations”  may  always  be  present  as  a  result, 
of  cultural  factors. 

The  absence  of  expectations,  or  wrong  expectations, 
can  greatly  increase  the  difficulty  of  recognition.  For 
example,  if  wc  expect  alphanumeric  characters,  we  can 
easily  interpret  odd  configurations  of  lines  a.s  characters, 
and  can  rapidly  distinguish  characters  from  one  another; 
lmt,  if  we  have  no  prior  expectations,  or  if  wo  are  expect¬ 
ing  pictures  of  animals,  the  configurations  may  make  no 
sense.  As  an  extreme  case  of  this,  many  oddly  designed 
typefaces  are  readable  because  we  expect  letters,  and  can 
tell  (by  elimination  or  from  context)  which  letter  is 
intended;  but  many  of  these  letters  could  not  he  correctly 
identified  in  the  absence  of  such  context.  Similarly,  a 
number  of  authors  have  illustrated  the  complexity  of  the 
task  of  recognizing  alphanumeric  characters  hv  demon¬ 
strating  that  a  very  wide  variety  of  patterns  can  all  he 
recognized  as  (e.g.)  Vs;  hut  many  of  these  pattern  wonl  1 
in  fact  not  he  recognized  is  A’s  i(  we  did  not  know  that 
they  were  intended  to  he  A's  in  other  words,  they  are 
examples  of  goal-directed  recognition  rather  than 
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recognition  at  a  glance. 

Humans  have  a  remarkable  capacity  for  recognizing 
images  that  they  have  previously  seen.  [I  Ian  I  lo-segment 
images  also  become  much  easier  to  interpret  on  subse¬ 
quent  occasions,  once  they  have  been  successfully  seg¬ 
mented.]  This  does  not  necessarily  involve  storing  and 
matching  of  iconic  templates;  it  may  be  based  on  storage 
and  matching  of  specific  sets  of  relative  property  values. 
In  any  case,  rapid  recognition  of  unexpected  familiar 
objects  does  not  depend  on  having  seen  the  same  objects 
previously;  recognition  is  still  immediate  even  for 
instances  of  the  objects  that  we  have  never  seen  before. 

In  conclusion,  it  should  be  emphasized  that  this 
paper  has  not  presented  a  report  of  research  results,  hut 
only  an  outline  of  a  proposed  research  program.  Some  of 
the  ideas  described  air  under  active  investigation  (e.g., 
the  pyramid  approach  to  segmentation),  but  others  arc 
still  at  the  level  of  speculations  (e.g.,  the  conjectures 
about  object  characterization  and  the  parallel  object 
recognition  process).  It  is  hoped  that  the  publication  of 
this  paper  will  stimulate  exploration  of  (and  improvement 
on)  these  ideas  both  in  our  laboratory  and  elsewhere, 
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Abstract 

We  show  how  to  solve  a  set  of  benchmark  problems  for 
Computer  Vision  for  the  Connection  Machine.  These  prob¬ 
lems  are  intended  to  comprise  a  representative  sample  of 
fundamental  procedures  for  Image  Understanding.  The  so¬ 
lutions  on  the  Connection  Machine  embody  general  meth¬ 
ods  for  filtering  images,  determining  connectivity  among 
image  elements,  and  determining  geometry  of  image  ele¬ 
ments.  We  identify  a  set  of  low  and  intermediate  vision 
modules,  including  edge  detection,  from  zero-crossings  of 
V2  *  G  and  from  the  Canny  detector,  connected  component 
labeling,  Hough  transforms,  and  element  visibility.  More 
general  p10bltms  such  as  graph  matching  and  shortest  path 
calculation  are  alsc*  included.  The  implementation  of  these 
generic  modules  demonstrates  the  ability  of  the  Connec¬ 
tion  Machine  to  solve  vision  problems  easily  and  rapidly, 
using  a  variety  of  interesting  aspects  of  the  communication 
structure  of  the  machine. 


1  Introduction 

The  Connection  Machine  is  a  powerful  fine-grained  parallel 
machine  which  has  already  proven  very  useful  for  imple¬ 
mentation  of  vision  algorithms.  Among  the  existing  vision 
systems  on  the  Connection  Machine  are  binocular  stereo 
[Drumheller86]  and  optical  flow  detection[Little86b],  In  im¬ 
plementing  these  systems,  several  different  models  of  using 
the  Connection  Machine  have  emerged,  since  the  machine 
provides  several  different  communication  modes.  The  Con¬ 
nection  Machine  implementation  of  algorithms  can  take  ad¬ 
vantage  of  the  underlying  architecture  of  the  machine  in 
novel  ways.  We  describe  here  several  common,  elementary 
operations  which  recur  throughout  this  discussion  of  par¬ 
allel  algorithms. 

1.1  The  Connection  Machine 

The  Connection  Machine  [Hillis85]  is  a  parallel  computing 
machine  having  between  16K  and  64 K  processors,  operat¬ 
ing  under  a  single  instruction  stream  broadcast  to  all  pro- 


“  ,  .  h  “  a  5lngle  instruction  Multiple  Data 
(  IMD)  machine,  because  all  processors  execute  the  same 
control  stream.  Each  of  the  processors  is  a  simple  1-bit  pro¬ 
cessor,  currently  with  4K  bits  of  memory.  There  are  two 
modes  of  communication  among  the  processors:  first  the 
processors  are  connected  by  a  mesh  of  wires  into  a  128  x  512 
grid  network  (the  NEWS  network,  so-called  because  of  the 
four  cardinal  directions),  allowing  rapid  direct  communi¬ 
cation  between  neighboring  processors,  and,  second,  the 
router,  which  allows  messages  to  be  sent  from  any  proces¬ 
sor  to  any  other  processor  in  the  machine,  ^he  processors 
in  the  Connection  Machine  can  be  envisioned  as  being  the 
vertices  of  a  16-dimensional  hypercube  (in  fact,  it  is  a  12- 
dimensional  hypercube;  at  each  vertex  of  the  hypercube 
resides  a  chip  containing  16  processors).  Figure  2  shows 
a  4-  imensional  hypercube;  each  processor  is  connected  by 
4  wires  to  other  processors.  Each  processor  in  the  Con¬ 
nection  Machine  is  identified  by  a  unique  integer  in  the 
range  0. . .  65535,  its  hypercube  address,  imposing  a  linear 
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Figure  1.  Block  Diagram  of  the  Connection  Machine 
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cur  throughout  this  discussion  of  parallel  algorithms:  rout¬ 
ing  operations,  scanning  and  distance  doubling. 


order  on  the  processors.  This  address  denotes  the  desti- 

1 

nation  of  messages  handled  by  the  router.  Messages  pass 
along  the  edges  of  the  hypercube  from  source  processors 
to  destination  processors.  In  addition  to  local  operations 
in  the  processors,  the  Connection  Machine  has  facilities  for 
i  returning  to  the  host  machine  the  result  of  various  opera¬ 

tions  on  a  field  in  all  processors;  it  can  return  the  global 

■  maximum,  minimum,  sum,  logical  AND,  logical  OR  of  the 
field. 

I 

■  To  allow  the  machine  to  manipulate  data  structures 
.  with  more  than  64K  elements,  the  Connection  Machine 

■  supports  the  concept  of  virtual  processors.  A  single  physi- 
)  cal  processor  can  operate  as  multiple  virtual  processors  by 

serializing  operations  in  time,  and  dividing  the  memory  of 
each  processor  accordingly.  This  is  otherwise  invisible  to 
.  the  user.  The  number  of  virtual  processors  assigned  to  a 

I  physical  processor  is  denoted  by  the  virtual  processor  ra¬ 

tio  (VP  ratio),  which  is  always  >  1.  When  the  VP  ratio 
is  greater  than  1,  the  Connection  Machine  is  necessarily 
.  slowed  down  by  that  factor,  in  most  operations.  The  host 
for  the  16K  Connection  Machine  at  the  MIT  AI  Lab  is  a 
.  Symbolics  3640  Lisp  Machine.  In  this  paper,  we  assume  a 
64K  Connection  Machine.  Connection  Machine  programs 
utilize  Common  Lisp  syntax,  in  a  language  called  *Lisp 
[Lasser86].  Statements  in  *Lisp  programs  are  compiled 
and  manipulated  in  the  same  fashion  as  Lisp  st;  aments, 

,  contributing  significantly  to  the  ease  of  programming  the 
Connection  Machine. 

1.2  Powerful  Primitive  Operations 

Many  vision  problems  must  be  solved  by  "  combination 
of  several  communication  modes  on  the  Connection  Ma- 
‘  chine.  The  design  of  these  algorithms  takes  advantage  of 
the  underlying  architecture  of  the  machine  in  novel  ways. 
There  are  several  common,  elementary  operations  which  re- 


1.2.1  Routing 

Memory  in  the  Connection  Machine  is  attached  to  proces¬ 
sors,  each  of  which  has,  at  present,  4K  bits  of  local  mem¬ 
ory.  Local  memory  can  be  accessed  rapidly.  Memory  of 
processors  nearby  in  the  NEWS  network  can  be  accessed 
by  passing  it  through  the  processors  on  the  path  between 
the  source  and  destination.  At  present,  NEWS  accesses  in 
the  machine  are  made  in  the  same  direction  for  all  pro¬ 
cessors,  i.e.,  to  read  in  one  processor,  using  NEWS  access, 
say,  the  North,  and,  in  the  next,  the  South,  requires  two 
separate  accesses.  The  router  on  the  Connection  Machine 
provides  parallel  reads  and  writes  among  processor  mem¬ 
ory  at  arbitrary  distances  and  with  arbitrary  patterns.  It 
uses  a  packet-switched  message  routing  scheme  to  direct 
messages  along  the  hypercube  connections  to  their  desti¬ 
nations.  This  powerful  communication  mode  can  be  used 
to  reconfigure  completely,  in  one  parallel  write  operation, 
taking  one  router  cycle,  a  field  of  information  in  the  ma¬ 
chine.  The  Connection  Machine  supplies  instructions  so 
that  processors  can  concurrently  read  and  concurrently 
write  a  memory  address,  but  since  these  memory  refer¬ 
ences  can  cause  significant  slowdown,  we  will  usually  only 
consider  exclusive  read,  exclusive  write  (EREW)  [Cook80] 
instructions.  We  will  usually  not  allow  more  than  one  pro¬ 
cessor  to  access  the  memory  of  another  processor  at  one 
time.  However,  in  the  Hough  Transform  we  will  take  advan¬ 
tage  of  combiners  since  we  are  guaranteed  few  and  evenly 
spaced  collisions.  The  Connection  Machine  can  combine 
messages  at  a  destination,  by  various  operat-ons,  such  as 
logical  AND,  inclusive  OR,  summation,  and  maximum  or 
minimum. 

1.2.2  Scanning 

A  powerful  set  of  primitive  operations  are  the  scan  op¬ 
erations  [Blelloch86].  These  operations  can  be  used  to  sim¬ 
plify  and  speed  up  many  algorithms.  They  directly  take  ad¬ 
vantage  of  the  hypercube  connections  underlying  the  router 
and  can  be  used  to  distribute  values  among  the  processors 
and  to  aggregate  values  using  associative  operators.  For- 
maly,  the  scan  operation  takes  a  binary  associative  operator 
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Figure  4:  Examples  of  Segmented  Scan  Operations. 

MX  is  the  Maximum  Possible  Value. 

®,  with  identity  0,  and  an  ordered  set  [a0,ai, . . .  ,a„_i],  and 
returns  the  set  [0,a0,  (a0  ®  a^, . . . ,  (a0  ®  aj  ®  . . .  ®  a„_2)]- 
This  operation  is  sometimes  refered  to  as  the  data  inde¬ 
pendent  prefix  operation  [Kruskal85].  Binary  associative 
operators  include  minimum,  maximum,  and  plus.  Figure  3 
shows  the  results  of  scans  using  the  operators  maximum 
and  plus  on  some  example  data. 

The  four  scans  operations  plus-scan,  max-scan,  min- 
scan  and  copy-scan  are  all  implemented  in  microcode  and 
take  about  the  same  amount  of  lime  as  a  routing  cycle.  The 
copy-scan  operation  takes  a  value  at  the  first  processor  and 
distributes  it  over  the  other  processors.  These  scans  op¬ 
erations  can  take  segment  bits  that  divide  the  processor 
ordering  into  segments.  The  begining  of  each  segment  is 
marked  by  a  processor  whose  segment  bit  is  set,  and  the 
scan  operations  will  start  over  again  at  the  begining  of  each 
segment.  Figure  4  shows  some  examples. 

Versions  of  the  scan  operations  also  work  using  the 
NEWS  addressing  scheme  -  we  will  call  these  grid-scans. 
These  allow  one  to  sum,  take  the  maximum,  copy,  or  num¬ 
ber  values  along  rows  or  columns  of  the  NEWS  grid  quickly. 

For  example,  grid-scans  can  be  used  to  quickly  find  for 
each  pixel  in  an  image  the  sum  of  a  2m  X  2m  square  region 
centered  at  the  pixel.  This  sum  can  be  determined  for  all 
pixels  by  executing  a  plus-scan  along  the  rows.  Each  pixel 
then  gets  the  result  of  the  scan  from  the  processor  m/2  in 
front  of  it  and  m/2  behind  it,  and  by  subtracting  these  two 
values,  each  pixel  has  the  sum  in  its  neighborhood  aloi  g 
the  row.  We  now  executes  the  same  calculation  on  the 
columns,  giving  each  element  the  sum  of  its  square.  The 
whole  calculation  only  requires  a  few  scans  and  routing 
operations  and  runs  in  time  independent  of  the  size  of  m. 

We  will  see  several  other  uses  of  the  scan  operations 
later  in  the  paper. 

1.2.3  Distance  Doubling 

Another  important  primitive  operation  is  distance  doubling 
[Wyllie79)[Lim86’,  which  can  be  used  to  compute  the  efTect 
of  any  binary,  associative  operation,  as  in  scan,  on  proces¬ 
sors  linked  in  a  list  or  a  ring.  For  example,  using  max, 
doubling  can  find  the  extremum  of  a  field  contained  in  the 


processors.  Using  message-passing  on  the  router,  doubling 
can  propagate  the  extreme  value  to  all  processors  in  the 
ring  in  O(logN)  steps,  where  N  is  the  number  of  proces¬ 
sors  in  the  ring.  Each  step  involves  two  send  operations. 
Typically,  the  value  to  be  maximized  is  chosen  to  be  the 
cube-address  (a  unique  integer  identifier)  of  the  processor. 
At  termination,  each  processor  connected  in  the  ring  knows 
the  label  of  the  maximum  processor  in  the  ring,  hereafter 
termed  the  principal  processor.  This  serves  to  label  all  con¬ 
nected  processors  uniquely  and  to  nominate  a  particular 
processor  (the  principal)  as  the  representative  for  the  en¬ 
tire  set  of  connected  processors.  At  the  same  time,  the 
distance  from  t^e  principal  can  be  computed  in  each  pro¬ 
cessor.  Figure  5  shows  the  propagation  of  values  in  a  ing 
of  eight  processors.  Each  processor  initially,  at  step  0,  has 
an  address  of  the  next  processor  in  the  ring,  and  a  value 
which  is  to  be  maximized.  At  the  termination  of  the  ith 
step,  a  processor  knows  the  addresses  of  processors  2'  +  1 
away  and  the  maximum  of  all  values  within  2'  1  proces¬ 
sors  away.  In  the  example  the  maximum  value  has  been 
propagated  to  all  8  processors  in  log  8  =  3  steps. 
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Figure  5:  Distance  Doubling,  upper  entry  is  the  address, 
the  lower  is  the  value 


2  Vision  Tasks 

We  catalog  a  set  of  vision  tasks  common  to  many  ap¬ 
proaches  to  early  and  intermediate  vision.  Early  vision 
algorithms  involve  many  operations  having  spatial  paral¬ 
lelism,  where  all  pixels  are  operated  on  in  unison,  in  a 
spatially  homogeneous  computation.  The  classic  example 
is  filtering  or  convolution.  A  large  class  of  regularization 
computations  can  be  cast  in  this  framework,  when  the  in¬ 
put  data  lie  on  a  regular  mesh.  These  spatially  parallel 
computations  are  easily  mapped  into  operations  using  only 
NEWS  accesses.  When  regular,  but  not  spatially  homo¬ 
geneous  operation  is  necessary,  operations  can  be  used  to 
produce  simple,  efficient  algorithms.  Notably,  scans  in  grid 
directions  can  also  be  used  to  make  more  efficient  some  spa¬ 
tially  homogeneous  computations  such  as  region  summing, 
described  above.  Finally,  tasks  requiring  arbitrary,  diverse 
communication  among  elements  can  utilize  the  router’s 
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power.  So,  we  see  there  are  natural  classes  of  operations 
which  map  easily  into  the  different  communication  modes 
of  the  Connection  Machine.  We  will  first  describe  edge 
detection,  which  in  most  aspects  is  a  spatially  parallel  op¬ 
eration,  but  as  we  shall  see,  not  all.  In  these  algorithms,  ?n 
initial  mapping  of  processors  to  pixels  in  the  image  arr.  v 
is  assumed 

3  Edge  Detection 

Edge  detection  is  an  important  first  step  in  many  low-level 
vision  algorithms.  It  generates  a  concise,  compact  descrip¬ 
tion  of  the  structure  of  the  image,  suitable  for  ma  nipulation 
in  higher-level  interpretation  tasks.  There  are  many  edge 
detectors,  in  the  literature,  but  all  share  common  aspects 
of  spatial  parallelism.  Here  we  will  analyze  the  Connection 
Machine  implementation  of  Marr-IIildreth  edge  detection 
and  Canny  edge  detection  schemes. 

3.1  Filtering 

A  fundamental  operation  in  vision  processing  is  filtering 
the  input  image.  This  both  removes  noise  from  the  image 
and  selects  an  appropriate  spatial  scale.  Typically,  filtering 
is  accomplished  by  convolution  with  a  filter  of  bounded 
spatial  extent,  often  a  Gaussian.  We  have  implemented  a 
variety  of  methods  for  computing  the  Gaussian  convolution 
of  an  image. 

An  interesting,  simple  implementation  of  Gaussian  con¬ 
volution  relies  on  the  binomial  approximation  to  the  Gaus¬ 
sian  distribution.  The  algorithm  described  here  requires 
only  the  operations  of  integer  addition,  shifting,  and  local 
communication  on  the  2-D  mesh.  Since  it  does  not  re¬ 
quire  global  broadcasts,  large  memory,  or  more  than  the 
simple  network  connections,  it  could  be  implemented  on  a 
2-D  mesh  architecture  much  simpler  than  the  Connection 
Machine. 

To  derive  the  binomial  approximation,  consider  the 
discrete  signal  x[0]  =  1/2,  x[l]  1/2,  and  x[n]  =  0 
otherwise.  The  Z  transform  [Oppenheim75]  of  this  se¬ 
quence  is  (1  +  z)/ 2.  Convolution  of  the  two  discrete  sig¬ 
nals  Xi[n]  and  x2[n]  corresponds  tc  multiplication  of  their 
respective  Z  transforms  X](z)  and  A2(z).  The  result  of 
the  convolution  Xi[nj  *  x2[n]  *  ...  *  xm\n]  has  Z  transform 
X(z)m  —  (l/2)m(l  +  z)m  where  x,jn]  x[n\  for  all  i,  and  * 
denotes  convolution.  Thus  the  sequence  resuling  from  m  1 
convolutions  of  x[n]  with  itself  is  the  inverse  Z  transform  of 
(l/2)m(l  +  z)m.  So  the  resulting  discrete  signal  is  just  the 
binomial  coefficients  to  (1  +  z)m  scaled  by  (l/2)m.  From 
the  Central  Limit  Theorem,  'or  large  m,  this  sequence  ap¬ 
proaches  a  discrete  Gaussian. 

With  each  convolution,  the  peak  of  the  result  shifts  to 
the  right  by  one.  By  advancing  the  kernel  x[n\  in  space 
by  one,  x'[n]  x[n  +  1],  and  convolving  once  with  x[nl, 
followed  by  once  with  x'[n],  the  peak  of  the  result  re¬ 


mains  at  n  =  0.  For  an  even  number  of  such  alterna¬ 
tions  this  is  equivalent  to  half  as  many  convolutions  with 
the  kernel  y[n]  =  x'[n]  *  x[n],  and  so  y[n]  is  given  by: 
y[  — l]  =  1/4, y[0]  =  1/2,  y[l]  =  1/4,  y[n]  =  0  otherwise. 

This  operations  is  very  simple  to  implement  on  a  1  bit 
processor  such  as  the  Connection  Machine.  Such  a  convo¬ 
lution  amounts  to  a  processor  adding  l/2  of  its  own  value 
to  1/4  of  the  sum  of  two  of  its  neighbors,  e.g.  north  and 
south,  or  east  and  west.  The  scaling  can  be  accomplished 
simply  by  right  shifting,  or  possibly  reading  from  the  neigh¬ 
boring  processors  with  a  one  bit  offset  in  the  field  address. 
Because  a  2-D  Gausssian  convolution  is  separable  into  two 
Id  convolutions,  this  can  be  used  to  implement  an  approx¬ 
imation  to  convolution  of  a  2-D  signal  with  a  2-D  Gaussian 
filter. 

Since  the  variance  of  the  sequence  y[n]  is  1/2,  the  vari¬ 
ance  of  the  result  of  convolving  y[n]  with  itself  7  times  is 
simply  [m  +  l)/2.  Thus  to  approximate  a  Gaussian  distri¬ 
bution  with  standard  deviation  a,  m  =  2(a)2  —  1  iterations 
are  needed. 

This  approach  is  especially  suited  to  the  fine-grained 
architecture  of  the  Connection  Machine,  where,  at  present, 
a  multiplication  is  much  more  expensive  than  an  addition. 
Convolution  with  a  Gaussian  filter  can  also  be  approxi¬ 
mated  by  iterated  convolution  with  a  uniform  (boxcar)  fil¬ 
ter  of  width  N  and  height  1/ N.  To  approximate  a  Gaussian 
with  standard  deviation  a, 

12 a2  -  1 

W2-  1 

iterations  are  required.  This  approximation  is  useful  when 
<7  is  large. 

The  customary  implementation  of  the  two-dimensional 
Gaussian  utilizes  the  fact  that  the  Gaussian  is  separable, 
and  uses  two  one-dimensional  convolutions.  Because  this 
requires  multiplications,  the  cost  must  be  analyzed  in  terms 
of  them:  16a  multiplies,  8a  additions,  and  8a  NEWS  ac¬ 
cesses.  The  present  implementation  of  separable  convolu¬ 
tion  should  become  more  efficient  than  binomial  approxi¬ 
mation  with  the  simple  kernel  at  a  >  10.  Using  additional 
storage,  (4a  words),  and  more  clever  programming  could 
induce  the  tim'-  rv  separable  convolution.  There  are  many 
other U  in  implementing  simple  filtering  operations: 

for  r  .^,  boxcar  filtering  can  be  implemented  using  the 
summing  method  based  on  scanning ,  described  above,  giv¬ 
ing  dramatic  improvements  in  speed.  Further  experience 
will  show  us  how  to  make  these  choices. 

To  implement  V2  *  G(a),  one  often  chooses  to  approx¬ 
imate  by  the  Difference  of  Gaussians  [Marr  and  Hildreth, 
1977],  G^)  -  G(a2),a!  <  a  <  a2.  Medioni  and  Huertas 
[IIuertas85]  show  how  to  implement  *  G  directly  as  two 
separable  convolutions,  which  is  more  efficient  than  two 
convolutions  with  Gaussians  as  required  by  the  Difference 
of  Gaussians.  We  directly  compute  V2  *  G  by  convolution 
with  a  Gaussian  followed  by  convolution  with  a  discrete 
Laplacian.  This  is  mathematically  valid,  but  is  not  often 
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used,  presumably  since  it  requires  maintaining  extra  pre¬ 
cision  in  the  output  of  the  Gaussian  convolution.  Because 
the  Connection  Machine  does  not  have  word  or  byte  bound¬ 
aries  in  its  local  processor  memory,  it  is  relatively  easy  to 
implement  extended  precision  arithmetic.  Therefore  it  is 
easy  to  compute  yJ  *  G(a)  by  convolving  with  G(cr),  re¬ 
taining  extra  precision,  and  then  filtering  with  the  discrete 
Laplacian: 

1  4  1 

4  -20  4 

1  4  1 

To  detect  zero-crossings,  each  processor  need  only  ex¬ 
amine  the  sign  bits  of  neighboring  processors,  using  NEWS 
accesses. 

3.2  Border  Following 

Border  following  begins  to  use  the  more  flexible  communi¬ 
cation  abilities  of  the  router  of  the  Connection  Machine.  To 
analyze  this  task,  we  consider  two  parameters,  n,  the  num¬ 
ber  of  curves  in  the  image,  and  m,  the  number  of  pixels  on 
the  longe  c  curve.  Each  pixel  in  the  Connection  Machine 
can  link  up  with  the  neighbor  pixels  in  the  cur  re,  by  exam¬ 
ining  its  8-neighbors  in  the  grid,  in  negligible  time.  Higher 
vision  modules  need  a  unique  tag  or  pointer  to  refer  to  a 
curve  as  a  unit;  this  is  essentially  the  problem  of  comput¬ 
ing  connected  components.  Further,  that  label  should  be 
known  by  all  the  pixels  in  the  curve.  So,  each  pixel  on 
the  curve  must  next  be  labeled  with  a  unique  identifier  for 
the  curve.  Doubling  permits  the  pixels  on  the  curve  to  se¬ 
lect  a  label,  the  address  of  the  principal  processor,  for  the 
curve,  and  to  propagate  that  label  throughout  the  curve  in 
O(logm)  steps. 

Then,  the  total  number  of  curves  can  be  computed  by 
selecting  the  principal  processors,  and  enumerating  them 
using  a  scan  operation.  The  enumerate  operation  returns 
the  number  of  curves  (n). 

3.3  Reconfiguring  for  Output 

At  this  point,  the  curves  have  been  linked,  labeled  uniquely, 
and  counted.  The  structure  constructed  so  far  is  sufficient 
to  support  most  operations  on  curves  for  image  understand¬ 
ing,  so  we  can  consider  all  processing  after  this  to  be  for 
output  only.  This  goes  against  our  guideline  of  keeping  all 
information  in  the  Connection  Machine,  but  is  an  interest¬ 
ing  example  of  restructuring  data  in  the  machine.  To  out¬ 
put  the  pixels  from  the  Connection  Machine,  the  points  on 
the  curves  should  be  numbered  in  order  to  create  a  stream 
of  connected  points.  The  curve-labelling  step,  using  dou¬ 
bling,  can  be  augmented  to  record  the  distance  from  the 
principal  processor,  as  well  as  its  label,  during  label  prop¬ 
agation,  at  only  a  slight  increase  in  message  length.  We 
can  find  the  length  of  the  longest  curve,  m,  by  one  global 
maximum  operation.  We  use  sorting  to  get  the  points  on 
the  curves  into  a  stream  order  for  output.  For  the  ith  point 


in  the  jmh  curve,  we  construct  the  number  mj  +  t  to  encode 
the  point’s  position  on  the  curve  and  its  membership  in 
the  jtk  curve.  This  yields  a  unique  index  for  each  point. 
Each  point  is  ranked  by  this  value.  Points  of  the  jth  end  up 
ranked  in  order  of  their  position  on  the  curve,  in  the  time 
needed  to  sort  a  field  of  0(logm  +  logn  +  1)  bits. 

The  ordered  pixels  then  send  their  (x,y)  values  to  the 
address  given  by  the  rank, in  one  operation,  with  no  colli¬ 
sions.  The  (x,y)  coordinates  of  the  pixels  on  the  curve  will 
be  in  sequential  order  in  the  processors  by  cube  address. 
The  computation  needed  for  border  following  depends  on 
logm,  the  length  of  the  longest  curve,  and  logn,  the  num¬ 
ber  of  curves  in  the  image;  typically,  both  are  proportional 
to  n,  in  ail  n  x  n  image.  Labelling  and  indexing  points, 
and  enumerating  curves  are  necessary  to  construct  curves 
out  of  individual  pixels  Constructing  a  reconfigured  list  of 
the  coordinates  of  edge  points  is  'mly  necessary  for  output. 

4  Canny  Edge  Detection 

The  Canny  edge  detector  is  often  used  in  image  under- 
standing[Canny86j.  It  is  based  on  directional  derivatives, 
so  it  has  improved  localization.  Implementing  the  Canny 
edge  detector  on  the  Connection  Machine  involves  imple¬ 
menting: 

1.  Gaussian  Smoothing  G  *  7 

2.  Directional  Derivative  V(G  *  I) 

3.  Non-Maximum  Suppression 

4.  Thresholding  with  Hysteresis. 

Gaussian  filtering  and  computing  directional  derivatives 
are  local  operations  as  described  above.  Non-maximum 
suppression  selects  as  edges  candidates,  those  pixels  for 
which  the  gradient  magnitude  is  ma.  mal  in  th’  d'rection  of 
the  gradient.  This  involves  incerpo)  .ting  the  gradient  mag¬ 
nitude  between  each  of  two  pairs  of  adjacent  pixels  amoung 
the  pixels  eight  nieghbors,  one  forward  in  the  gradient  di¬ 
rection,  one  backward.  This  is  accomplished  in  constant 
time  using  the  NEWS  network. 

Thresholding  with  hysteresis  is  used  to  eliminate  weak 
edges  due  to  noise.  Two  thresholds  on  gradient  magni¬ 
tudes  are  computed,  low  and  high,  based  on  an  estimate  of 
the  noise  in  the  image  intensity.  The  non-maximum  sup¬ 
pression  step  has  selected  those  pixels  for  which  the  gradi¬ 
ent  magnitude  is  maximal  in  the  direction  of  the  gradient 
In  the  thresholding  step,  all  selected  pixels  with  gradient 
magnitude  below  low  are  eliminated.  All  pixels  with  values 
above  high  are  considered  as  edges.  All  pixels  with  values 
between  low  and  high  are  considered  edges  if  they  can  be 
connected  to  a  pixel  above  high  through  a  chain  of  pixels 
above  low.  All  others  are  eliminated.  This  is  essentially 
a  spreading  activation  operation;  it  reqr  5  propagating 
information  along  curves. 
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4.1  Histogramming 

Estimating  the  gradient  magnitude  distribution  can  be  per¬ 
formed  by  histogramming  that  ah  e.  There  are  so  • 
ways  this  can  be  implemented  on  the  Connection  Mau.  *;e 

Gradient  magnitudes  can  be  quantized  for  the  his¬ 
togram  Ducket  size,  for  m  buckets.  Sorting  the  gradient 
magnitudes  configures  the  data  thus: 

. . .  k,  k,  k,  k,  k  +  1,  A:  +  1 ,  k  +  1 ... 

Each  processor  determines  whether  it  is  a  lower  boundary 
between  elements  with  value  k  and  the  elements  with  value 
k  +  1,  for  all  k.  A  boundary  processor  sends  its  cube  ad¬ 
dress  to  location  ,¥*,  in  the  histogram  table,  resulting  in 
a  cumulative  frequency  distribution  table.  To  convert  this 
table  into  a  histogram,  each  H<  subtracts  or  the  ap¬ 

propriate  lower  value  when  »'  was  not  represented  in  the 
image.  A  copy-scan  can  fill  in  empty  elements  to  simplify 
this  differencing  operation. 

Histogramming  in  m  buckets  by  counting  involves  step¬ 
ping  from  0  <  i  <  m,  selecting  processors  where  intensity 
=  »,  and  counting  the  number  of  selected  processors  (  H,), 
using  global  counting  operations.  This  needs  m  counting 
operations.  When  m  is  less  than  64,  this  can  be  more  effi¬ 
cient  than  histogramming  by  sorting. 

Finally  wher  only  one  value  in  the  distribution  is 
needed,  say,  finding  the  kth  percentile,  estimation  via  p-ob- 
b'.g  can  be  used.  Here,  a  binary  search  on  a  set  of  m  values 
is  performed  in  O(logm)  global  counting  operations,  until 
the  value  »,  0  <  »  <  m  is  found  for  which  k  percent  of  the 
values  are  <  *.  For  m  =  256,  this  requires  only  8  counting 
operations.  A  more  reliable  estimate  of  the  distribution 
involves  computing  the  entire  histogram,  but  probing  may 
suffice  for  many  applications. 

Computing  a  Hough  Transform,  which  will  be  discussed 
later,  is  a  form  of  histogramming.  There,  we  will  be  able  to 
take  advantage  of  a  priori'  information  on  the  distribution 
of  values  to  devise  a  fast  algorithm.  When  the  form  of  the 
distribution  of  image  values  is  known,  similar  methods  can 
be  applied  for  general  histogramming. 

4.2  Propagation 

In  thresholding  with  hysteresis,  the  existence  of  a  high  value 
on  a  connected  curve  must  be  propagated  along  the  curve, 
to  enable  any  low  pixels  to  become  edge  pixels.  This  re¬ 
quires  a  number  of  operations  depending  on  the  length  of 
the  longest  segment  above  low  which  will  be  connected  to 
a  high  pixel.  Only  pixels  above  low,  which  survive  non¬ 
maximum  suppression,  are  considered.  Each  pixel  can,  in 
constant  time,  find  the  one  or  two  neighboring  pixels  with 
which  it  forms  a  connected  line,  by  examining  the  state  of 
all  8  neighbors  in  the  NEWS  network.  All  pixels  above  high 
are  marked  as  edge  pixels.  In  the  current  implementation, 
the  program  iterates,  in  each  step  marking  as  edge  pixels 


any  low  pixels  adjacent  to  edge  pixels.  This  uses  NEWS 
connections.  When  no  pixel  changes  state,  the  iteration 
terminates,  taking  a  number  of  steps  proportional  to  the 
:eiig  ;rc  the  longest  chain  of  low  pixels  which  even¬ 
tual ’.v  become  edge  pixels.  Using  doubling,  propagating  a 
bit  to  indicate  the  edge  property,  changes  this  dependence 
to  C(log  m).  For  most  practical  examples,  propagating  in 
the  NEWS  network  is  faster  than  using  the  asymptotically 
optimal  doubling  procedure. 

5  Connected  Component  Labeling 

A  fast  practical  alogrithm  for  labeling  connected  compo¬ 
nents  in  2-D  image  arrays  using  the  Connection  Machine 
has  been  ceveloped  by  Lim  et  al.  Lim86l.  The  algorithm 
has  a  time  complexity  of  OflogW)  where  N  is  the  number 
of  pixels.  The  central  idea  in  the  algorithm  is  that  prop¬ 
agating  thu  largest  or  smallest  number  stored  in  a  linked 
list  of  processors  to  all  processors  in  the  list  takes  O(logL) 
time,  where  L  is  the  length  of  the  list,  using  doubling. 

In  the  algorithm  (see  [Lim86]  for  more  details),  the  la¬ 
bel  of  a  connected  (4-connected)  component  is  the  largest 
processor  address  (i.e.  processor  id)  of  the  processors  in 
the  set.  The  compl  xity  of  the  algorithm  is  measured  in 
terms  of  N,  the  length  of  the  longest  boundary  in  the  m- 
age.  The  whole  algorithm  takes  0(log  N)  routing  cycles  on 
the  Connection  Machine. 

We  have  devised  a  connected  component  algorithm  uti¬ 
lizing  scan  operations  along  grid-lines.  In  each  phase  of  his 
algorithm,  the  label  of  a  region,  as  specified  by  the  proces¬ 
sor  with  maximum  cube-address,  is  propagated  left,  right, 
up  and  down,  with  a  max-scan  operation.  The  number  of 
phases  of  this  algorithm  depends  on  the  complexity  and 
the  alignment  of  figures  in  the  image.  Its  worst-case  be¬ 
havior  originates  from  an  image  containing  long  ellipsoidal 
regions,  oriented  along  diagonals. 

6  Hough  Transform 

The  Hough  transform  is  frequently  used  in  image  analy¬ 
sis  to  determine  the  existence  of  straight  lines  in  an  image 
Ballard  and  Brown, 1981].  The  Generalized  Hough  Trans¬ 
form  similarly  is  used  to  determine  the  parameters  of  the 
position  and  orientation  or  a  known  object  from  an  im¬ 
age.  The  Hough  Transform  is  an  archetypical  algorithm 
in  that  it  demonstrates  the  accumulation  of  global  infor¬ 
mation  about  the  image  from  individual  elements  in  the 
image.  The  Hough  transform  computes  an  accumulator 
array  of  values,  where  the  (i,j)  entry  records  the  number 
of  pixels  lying  on  a  line  with  parameters  (i,j). 

Let  us  parametrize  lines  by  the  angle  of  the  normal  vec¬ 
tor,  i,  and  the  perpendicular  distance  from  the  origin,  j. 
The  Hough  Transform  table  will  be  stored  in  a  matrix  of 
processors,  indexed  by  (»',/).  Computing  the  Hough  Trans- 
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form  involves  i  separate  operations,  each  of  which  computes 
the  Hough  Transform  for  a  particular  angle,  0(i).  For  each 
angle,  broadcast  cos8(i)  and  sm8( i)  to  each  of  the  proces¬ 
sors.  Each  processor  then  computes  the  scalar  product  of 
its  (x,y)  address  in  the  grid  with  the  normal  vector  de¬ 
scribed  by  the  broadcast  pair: 

j  =  x  cos  8(i)  +  i/sin0(i) 

Each  processor  then  knows  an  (i,j)  for  itself.  We  can  count 
votes  by  sending  a  1  from  each  active  pixel,  summing  at  the 
destination  processor.  If  we  were  simply  to  send  each  vote 
to  the  appropriate  destination  in  the  table,  there  would  be 
many  collisions,  messages  arriving  at  one  processor,  espe¬ 
cially  when  (i,  j)  does  in  fact  represent  a  line.  This  can 
be  very  slow  when  the  number  of  collisions  is  large  (>  64). 
To  avoid  this,  we  can  use  a  clever  trick,  suggested  by  Mike 
Drumheller  (personal  communication),  to  reconfigure  the 
processors. 

In  the  reconfiguration  method,  each  pixel  computes  its 
location  on  a  linearization  of  the  processors  in  the  machine 
by  lines  normal  to  the  specified  angle  (see  figure  6).  Bold 
lines  mark  the  normal  lines.  The  pixels  on  the  first  normal 
line  are  sent  to  positions  0. . .  P 0,  those  on  the  second  line 
go  to  P0  +  1 . . .  PI,  and  so  on  up  to  N  —  1.  Each  pixel  then 
has  a  unique  address,  sequential  along  the  normal  lines,  in 
the  machine.  Each  pixel  can  send  its  value  to  the  processor 
with  its  number,  in  one  router  cycle  (there  are  no  colli¬ 
sions).  The  pixels  then  lie,  in  linear  order  in  the  machine, 
according  to  their  position  on  the  normal  lines.  A  boundary 
processor  is  one  which  occurs  at  the  beginning  of  one  of  the 
normal  lines;  it  sets  a  segment-bit.  Then  a  special  plus-scan 
operation,  using  segments,  can  accumulate  the  numbers  for 
the  histogram  in  the  boundary  processors.  One  send  opera¬ 
tion  can  collect  the  values  into  the  histogram.  This  suffices 
to  construct  a  column  (t,  j),  0  <  j  <  max,  of  the  histogram. 
Each  angle  requires  some  computation  to 

1)  compute  the  scalar  product 

2)  compute  an  address  along  scan  lines 

One  send,  followed  by  a  scan,  followed  by  a  send  com¬ 
pletes  the  process  for  a  column.  The  procedure  describe 
here  uses  unique  addresses  for  the  linearization  step.  The 
routing  hardware  incurs  little  penalty  for  having  up  to  32 
collisions  per  destination.  A  randomizing  strategy  is  thus 
feasible,  provided  the  number  of  collision  is  minimized,  and 
easier  to  program.  Each  pixel  computes  a  random  value  at 
the  start.  For  each  i,  a  pixel  computes  a  location  based  on 
j  and  the  random  value,  using  a  linearization  along  nor¬ 
mal  lines  similar  to  the  deterministic  procedure.  Locations 
for  all  pixels  with  the  same  j  are  confined  to  a  contiguous 
block  of  processors  in  the  Connection  Machine.  The  sizes 
of  the  blocks  can  be  calculated  to  allow  enough  space  to 
reduce  the  average  number  of  collisions  close  to  zero.  The 
votes,  when  they  arrive,  are  summed,  using  a  built-in  ca¬ 
pability  of  the  router.  Then  the  votes  are  tallied  as  before 
using  a  special  plus-scan  operation,  with  segments.  This 


will  achieve  the  same  result,  probably  with  less  overhead 
for  computing  addresses. 

If  the  Hough  Transform  were  derived  from  oriented  edge 
fragments,  rather  than  pixels,  only  one  iteration  would  be 
needed.  Each  processor  can  generate  the  (i,j)  value  from 
its  ( x,y )  location  and  the  edge  orientation  0.  Each  proces¬ 
sor  then  sends  its  vote,  with  the  :add  combiner  to  (i,j). 
The  maximum  number  of  processors  in  a  256x256  image 
voting  for  the  same  (i,j)  would  be  no  more  than  256\/2, 
which  would  take  no  more  than  one  step  of  the  previous 
Hough  Transform  algorithm. 


N-l 


Figure  C:  Mapping  for  the  Ilough  Transform 

7  Geometrical  constructions 

4  variety  of  geometrical  algorithms  were  designed  for  the 
Connection  Machine,  including  several  convex  hull  algo¬ 
rithms  and  a  Voronoi  Diagram  algorithm. 

7.1  Convex  Hull 

There  are  four  planar  convex-hull  algorithms  that  have 
been  suggested  for  the  Connection  Machine.  As  with  serial 
convex-hull  algorithms,  which  one  is  the  most  practical  will 
depend  on  the  specifics  of  the  problem.  We  will  describe 
each  one  briefly.  All  of  these  algorithms  for  m  points  re¬ 
quire  0(n)  processors. 

The  first  algorithm  is  based  on  a  Concurrent  Read 
Exclusive  Write  (CREW)  PRAM  algorithm  described  in 
[Atallah85,  Agrawall85).  Since  the  Connection  Machine 
does  not  perform  well  on  concurrent  reads,  we  have  shown 
elsewhere  that  their  algorithm  can  be  modified  to  work  with 
exclusive  reads  arid  scans  [Blelloch87]  This  algorithm  for  n 
points  has  the  optimal  asymptotic  time  bound  of  O(lgn) 
Although  this  algorithm  has  the  best  asymptotic  bound 
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of  the  algorithms  we  mention,  it  has  a  large  constant  and 
therefore  might  not  be  the  most  practical  algorithm. 

The  second  is  a  parallel  version  of  the  QUICKHULL 
method  [Preparata85j.  This  algorithm  can  be  implemented 
using  a  small  constant  number  of  router  cycles  and  scans 
per  step  [Blelloch87j.  As  with  the  serial  QUICKIIULL,  for 
m  hull  points,  this  algorithm  runs  in  O(lgm)  steps  for  well 
distributed  hull  points,  and  has  a  worst  case  running  time 
of  O(ra). 

The  third  is  a  parallel  version  of  Graham’s  sequential 
algorithm  [Preparata85j  and  requires  0(log2n)  routing  cy¬ 
cles  for  n  points  [Little86a].  The  final  algorithm  is  a  parallel 
version  of  the  Jarvis  march  algorithm  [Preparata85],  requir¬ 
ing  only  a  few  arithmetic  operations,  plus  a  global  maxi¬ 
mum  computation  per  hull  point  [Little86a].  Although  this 
algorithm  requires  O(m)  steps  for  m  hull  points,  it  might 
be  the  most  practical  for  some  applications  since  the  con¬ 
stant  is  small  and  the  number  of  points  on  the  hull  is  often 
small. 

7.2  Voronoi  Diagrams 

Aggarwal  et  al.  |Aggarwal85]  describe  a  0(log3V)  al¬ 
gorithm  for  computing  the  Voronoi  diagram  of  N  points 
in  parallel  using  the  CREW  (Concurrent  Read  Exclusive 
Write)  model.  For  N  =  1000,  this  is  1000  steps,  each  of 
which  needs  at  least  one  routing  cycle.  Since  the  Connec¬ 
tion  Machine  has  the  NEWS  network,  a  set  of  mesh  con¬ 
nections  among  the  processors,  a  brush-fire  method  can  be 
easily  implemented.  One  can  argue  that  in  many  vision  ap¬ 
plications  the  coordinates  of  the  points  are  restricted  to  the 
range  of  the  resolution  of  the  camera  coordinate  system,  in 
which  case  working  at  image  resolution  is  acceptable. 

In  the  proposed  algorithm,  each  pixel  in  the  mesh  is 
labeled  with  the  (i,j)  location  of  the  point  closest  to  its 
(x,y)  coordinate,  which  we  may  take  to  be  its  center.  The 
result  of  this  labeling  is  accurate  only  at  the  grid-spacing; 
each  grid  intersection  is  labeled  with  its  closest  point.  For 
the  Lt  and  metrics,  propagation  is  simple.  By  using 
4-con nected  or  8-connected  neighbors,  we  can  make  the 
arrival  time  of  a  propagated  label  be  identical  to  its  L\ 
or  Loo  distance.  The  Euclidean-distance  metric  is  more 
problematic,  and  we  must  propagate  the  (x,y)  of  a  point 
as  well  as  its  index.  The  Voronoi  region  around  a  point 
can  be  labelled  in  D  steps,  where  D  is  the  diameter  of  the 
largest  Voronoi  region. 

The  Delaunay  triangulation  is  the  dual  of  the  graph  of 
the  Voronoi  diagram.  We  say  a  pixel  is  and  edge  pixel  if 
any  neighbors  do  not  have  the  same  label.  To  generate 
the  adjacency  information  for  the  vertices  in  the  Delaunay 
triangulation,  label  each  edge  pixel  by  the  indices  of  the 
points  whose  regions  it  bounds;  for  edge  connecting  i  to  j, 
generate,  for  t  <  j,  i  *  N  +  j.  This  generates  a  number 
of  log1  N  bits,  for  N  points.  This  number  is  a  compressed 
representation  for  the  edge.  Sort  these  numbers,  and  then 
eliminate  all  those  whose  lower  neighbor  (by  hypercube  ad¬ 


dress)  is  the  same.  This  eliminates  multiple  entries  for  each 
edge.  1  hen,  each  edge  in  the  Voronoi  Diagram  has  a  unique 
processor  identified  with  it;  this  can  rapidly  be  transformed 
into  a  useful  graph  representation  on  the  Connection  Ma¬ 
chine,  in  which  the  edges  adjacent  to  a  vertex  are  stored  in 
a  contiguous  block  of  processors,  and  edges  (i',j)  contain 
the  address  of  the  processor  dedicated  to  Each  edge 

is  thus  stored  twice. 

Propagation  is  the  most  costly  operation  in  this  algo¬ 
rithm,  and  depends  of  the  diamater  of  the  largest  Voronoi 
region.  Trial  examples  with  1000  randomly  distributed 
points  had  average  maximum  diameter  approximately  12. 
The  additional  computation  to  label  edges  and  generate 
the  graph  representation  will  take  less  than  one  propa¬ 
gation  cycle.  The  result  of  this  implementation  is  only 
roughly  correct;  certain  thin  Voronoi  regions  can  cause  er¬ 
rors.  However,  these  may  not  be  of  any  practical  conse¬ 
quence.  Charles  Leiserson  and  Cynthia  Phillips  (personal 
communication)  have  developed  a  simple  extension  to  this 
algorithm  which  corrects  these  faults. 

8  Triangle  Visibility 

Certain  systems  in  vision  need  to  determine  visiblity  of 
scene  elements.  It  is  interesting  to  consider  the  perfor¬ 
mance  of  the  Connection  Machine  on  such  a  problem,  even 
though  the  problem  is  essentially  in  the  domain  of  com¬ 
puter  graphics.  For  example,  let  the  input  be  a  set  of 
m  opaque  triangles  in  three-dimensional  space,  selected  at 
random  with  each  coordinate  in  some  range.  Find  the  ver¬ 
tices  of  the  triangles  that  are  visible  from  the  origin. 

The  problem  can  be  parallelized  over  the  set  of  triangles 
or  the  set  of  vertices.  Even  though  there  are  three  times  as 
many  vertices,  the  description  of  a  triangle  is  larger,  and 
the  increase  in  communication  costs  overcomes  the  reduced 
number  of  elements.  A  triangle  shadows  all  vertices  which 
lie  in  the  triangular  cone  formed  by  the  origin  and  the  edges 
of  the  triangle,  and  which  are  behind  the  plane  containing 
the  triangle.  The  volume  in  space  defined  by  this  criterion 
is  described  by  4  linear  inequalities,  from  the  bounding 
half-spaces.  Each  triangle,  in  a  preprocessing  step,  gener¬ 
ates  the  four  plane  equations.  A  vertex  can  then  be  tested 
for  visibility  by  evaluating  these  equations  for  its  (x,y)  co¬ 
ordinates. 

The  following  formulation  uses  multiple  copies  of  the 
triangles.  The  problem  can  be  parallelized  by  copying  the 
triangles  k  times  in  the  memory  (64K)  of  the  Connection 
Machine,  where 

k  65536/m 

This  divides  the  machine  into  k  subsets  of  processors.  Each 
triangle  processor  will  handle  up  n  =  (eet/mg(3m2/65536)) 
points.  Triangles  0  through  k  occupy  processors  0  through 
k  (cube  address),  and  so  forth.  The  descriptions  of  the 
triangles  must  be  generated;  this  needs  several  vector  sub- 
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tractions  and  cross-products  to  compute  normal  equations 
for  planes.  The  computed  triangle  descriptions  comprise  4 
plane  equations, 


AiX  +  Biy  +  C,2  +  D  -  0 

each  of  which  contains  4  32-bit  numbers;  the  entire  descrip¬ 
tion  is  512  bits  long.  The  descriptions  of  all  m  triangles  can 
be  copy-scanned  to  replicate  them  k  times,  and  then  sent , 
in  one  step,  to  the  correct  processors.  Then,  points  are  sent 
to  the  sets  of  triangles  against  which  they  are  to  be  tested. 
The  first  n  points  are  sent  to  processors  0  .  . .  n  —  1,  the  next 
n  to  processors  m  . . .  m  +  n  —  1,  and  so  forth. 

Segments  bits  are  inserted  at  the  termination  of  each 
set  of  triangles,  In  each  testing  step,  the  description  of  the 
point  at  the  beginning  of  each  set  of  points  is  copy-scanned 
across  the  set  of  triangles.  All  triangles  test  the  active 
points  in  parallel.  Then,  the  descriptions  of  the  points  are 
sent  left.  This  brings  a  new  point  to  the  beginning  of  each 
section  of  triangles,  ready  to  be  copied  to  all  the  triangles 
in  the  next  step.  Since  there  are  n  =  (cet/in<7(3m2/65536)) 
steps,  the  total  time  required  depends  on  n. 

Many  of  the  triangles  in  this  example  are  themselves 
completely  occluded  by  larger  triangles.  We  suggest  a  first 
filtering  step  so  that  small  triangles  which  are  occluded 
by  large  triangles  can  be  eliminated  before  the  problem  is 
partitioned  into  groups.  Each  triangle  is  projected  onto  a 
projection  plane,  anywhere  in  the  visible  region,  orthogonal 
to  a  line  of  sight  from  the  origin.  Then  the  projection  plane 
is  subdivided  into  a  kxk  grid.  Each  triangle  can  determine 
all  squares  it  covers  completely.  At  the  intersection  points 
in  this  grid,  each  triangle  determines  its  z-value.  Each  tri¬ 
angle  should  cover,  on  average,  one-sixth  of  the  rectangles. 
Now,  each  triangle  generates  a  copy  of  itself  for  each  rect¬ 
angle  if  covers;  choose  k  so  that 

/c2  / 6  *  m  <  65535 

where  m  is  the  number  of  triangles,  so  that  each  triangle- 
rectangle  pair  can  be  allocated  to  a  processor.  Using 
m  =  1000,  k  is  18.  The  triangle-rectangle  pairs  contain 
the  zmin,zma x  of  each  triangle  in  that  rectangle.  Orga¬ 
nize  the  processors  contiguously  by  rectangle.  Then  scan 
the  triangles  to  find  the  minimum  of  the  zmax  covering 
the  rectangle.  Eliminate  all  triangles  in  a  rectangle  whose 
zmin  is  greater  than  this  zmax\  these  triangles  cannot  be 
seen.  This  should  significantly  reduce  both  the  number  of 
triangles,  and,  consequently,  the  number  of  vertices.  Then, 
using  the  process  described  above,  the  number  of  iterations 
should  be  significantly  smaller. 

9  Graph  matching 

The  problem  is  to  compute  the  list  the  occurrences  of 
(an  isomorphic  image  of)  a  small  graph  II  as  a  subgraph 
of  a  larger  graph  G.  We  will  outline  a  method  to  distribute 


the  matching  process  among  the  processors  of  the  CM  A 
similar  solution  for  objection  recognition  is  described  in 
[Harris86].  We  utilize  dynamic  allocation  of  processors  to 
matchings.  A  partial  matching  is  contained  in  a  processor. 
At  each  step  in  the  graph  matching  algorithm  a  match¬ 
ing  (processor)  acquires  the  information  necessary  to  de¬ 
termine  all  legal  successors.  It  then  finds  processors  to 
continue  with  the  new  matchings,  and  is  then  returned  to 
the  pool  of  free  processors.  The  information  concerning  the 
graphs  can  be  stored  in  several  ways  in  the  memory  of  the 
Connection  Machine.  We  can  store  the  adjacency  list  for 
a  vertex  in  G  as  a  bit  vector  in  a  processor  The  graph 
G  can  be  stored,  with  many  copies,  throughout  the  CM. 
Each  matching  processor  can  access  these  copies  randomly, 
so  that  contention  among  the  processors  is  minimized.  The 
description  of  the  smaller  graph  H  can  be  stored  in  each 
matching  processor,  as  well  as  the  partial  matching  it  is 
expanding. 

Initially  no  processors  are  allocated.  We  use  rendezvous 
a//ocatum[Hillis85]  to  assign  processors  to  matchings.  The 
order  in  which  vertices  in  II  are  matched  to  G  can  be  pre¬ 
computed  to  maximize  the  number  of  vertices  in  II  adja¬ 
cent  to  the  next  vertex  to  be  expanded.  In  each  phase  of 
matching  generation,  a  matching  at  level  k,  1  <  k  <  |//|, 
must  expand  itself  to  all  legal  successor  matchings  at  the 
next  level.  Matching  processors  may  be  expanding  at  many 
different  levels,  since  resource  limitations  may  delay  expan¬ 
sion  until  some  processor  fails,  and  is  returned  to  the  pool. 
To  expand  itself,  a  matching  must  know,  first,  the  neigh¬ 
bors  of  h\+ 1,  and,  second,  the  vertices  in  G  to  which  those 
neighbors  lave  been  matched.  These  data  allow  the  match¬ 
ing  at  level  k  to  prune  its  expansion,  generating  only  legal 
successors.  The  description  of  II  is  stored  locally  in  each 
processor.  To  recover  the  neighbors  of  each  processor 

steps  through  the  description  of  II,  until  they  encounter  the 
k  +  l"*  entry,  and  then  records  the  contents  of  this  entry. 
This  step  finds  the  neighbors  of  the  new  vertex  in  H. 

Each  expanding  matching  examines  the  neighbors  of 
77t+1  to  determine  the  nodes  in  G  to  which  they  have  been 
matched.  The  neighbors  of  each  such  vertex  in  G  must  be 
retrieved  from  the  distributed  representations  of  G,  using 
a  send  operation.  Now,  we  must  compute  the  intersection 
of  these  bit  vectors,  describing  all  possible  nodes  in  G  adja¬ 
cent  to  the  matches  in  G  of  neighbors  of  Ht+i  ■  This  can  be 
done  in  time  linear  in  the  number  of  nodes  in  G,  but  such 
bit  operations  are  fast.  Then  we  exclude  from  the  inter¬ 
section  all  nodes  already  matched  in  the  current  matching, 
leaving  the  possible  expansions  in  G.  All  are  legal,  that 
is,  the  nodes  in  G  to  be  matched  are  unmatched,  and  are 
adjacent  to  existing  constraining  matches  from  II.  If  this 
set  is  empty,  the  matching  fails. 

The  entire  computation  to  expand  a  matching  has  sev¬ 
eral  parts,  each  taking,  at  most,  time  linear  in  the  size  of 
G.  Then,  each  matching  requests  processors  for  its  succes¬ 
sors  from  the  free  pool,  in  a  processor  allocation  step.  The 
description  of  a  partial  matching  at  the  kth  level  can  be 
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distributed  to  the  successor  nodes  during  allocation.  The 
matching  processor  then  returns  itself  to  the  free  pool  of 
processors.  A  priority  mechanism  can  be  implemented  to 
favor  matchings  which  are  nearer  completion.  The  over¬ 
head  of  allocation  and  distribution  should  be  no  more  costly 
than  the  entire  computation  to  determine  legal  successors. 

The  total  throughput  of  this  algorithm  can  be  measured 
in  terms  of  the  number  of  partial  matchings  generated  in 
each  step.  The  critical  factor  in  this  problem  is  to  control 
the  number  of  active  matchings  so  as  to  allow  expansion, 
without  create  blocking.  The  process  should  monitor  itself 
to  record  the  average  number  of  successors  at  each  level, 
allowing  good  control  of  allocation.  This  discussion  by  no 
means  solves  this  difficult  problem;  there  are  many  thorny 
issues  of  control  and  task  allocation  yet  to  be  analyzed 
completely. 

10  Minimum-cost  path 

The  problem  is,  given  two  vertices  P,Q  of  G,  an  undirected 
graph  with  nonnegative  real-valued  weights  on  the  edges, 
to  find  a  path  from  P  to  Q  along  which  the  sum  of  the 
weights  is  minimum. 

The  graph  can  be  represented  as  an  adjacency  list  in  the 
CM.  The  algorithm,  a  CM  implementation  of  Dijkstra’s 
algorithm,  is  given  in  [Hillis85].  Each  step  in  computing 
the  shortest  path  consists  in  each  vertex  sending  to  each  of 
its  neighbors  the  distance  from  the  source  to  itself  plus  the 
length  of  the  connecting  edge  along  which  the  message  is 
sent.  Each  step  involves  a  send  operation,  using  the  router. 
The  receiver  compares  all  incoming  values  and  selects  the 
minimum. 

Consider  sending  messages  only  when  the  distance  from 
the  source  is  less  than  infinity  (some  initial  value  for  all 
processors).  This  reduces  the  number  of  conf, ic ts  at  many 
stages.  Initial  experiments  require  only  a  few  router  op¬ 
erations  per  step.  The  number  of  steps  depends  on  the 
diameter  (the  length  of  the  longest  path  in  the  graph  ex¬ 
plored).  The  algorithm  stops  when  no  processor  changes 
its  value  as  the  result  of  the  messages  it  has  received. 

11  Summary 

We  have  identified  several  powerful  communication  pat¬ 
terns  which  allow  us  to  utilize  the  Connection  Machine  to 
design  efficient  algorithms  for  vision.  The  powerful  commu¬ 
nication  methods  permit  construction  of  extended  image 
structures  in  logarithmic  time.  Schemes  can  easily  arrange 
data  in  the  Connection  Machine  so  that  rapid  distribution 
of  information  using  the  scan  mechanism  allows  efficient 
algorithms.  These  algorithms  represent  a  subset  of  those 
currently  designed  for  or  implemented  on  the  Connection 


Machine.  Other  general  algorithms  for  vision  are  described 
in  [Harris86;  and  [Little86aJ. 

We  have  described  the  algorithms  in  terms  of  fundamen¬ 
tal  operations  of  the  Connection  Machine.  We  will  give  a 
quick  outline  of  the  comparative  running  times  of  the  prim¬ 
itives  we  have  been  discussing.  Let  us  take  as  a  time  unit 
the  time  for  a  1-bit  operation.  The  actual  time  required 
by  this  operation  will  change  as  the  Connection  Machine 
evolves.  In  these  units,  then,  accessing  the  memory  of  a 
neighboring  processor  via  the  NEWS  network  takes  3  units 
per  bit.  Global  operations,  such  logical  or  and  logical  and 
need  less  than  50  units.  Counting  all  active;  processors  re¬ 
quires  200  units.  Routing  and  scanning  uses  500  units. 
Adding  16-bit  quantities  takes  20  units,  while  multiplying 
them  takes  250  units.  The  relative  speed  of  these  oper¬ 
ations  may  change  in  future  versions  of  the  Connection 
Machine.  In  another  document[Little86a],  we  give  more 
detailed  descriptions  of  these  algorithms  and  their  running 
times,  on  the  present  machine.  In  actual  time,  for  exam¬ 
ple,  our  present  implementation  of  Canny  edge  detection, 
operating  on  a  256x256  image,  from  image  to  linked  edge 
pixels,  takes  less  than  50ms.  Many  of  the  other  algorithms 
described  above  achieve  similar  times,  and  show  speedup  of 
several  orders  of  magnitude  over  present  implementations 
on  serial  computers. 
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Abstract 

This  paper  discusses  solving  the  depth  interpolation 
problem  on  a  particular  parallel  architecture  (a  fine  grained, 
mesh-  and  tree -connected,  SIMD  machine).  Many  low  level 
computer  vision  problems,  including  depth  interpolation,  can  be 
cast  as  solving  a  symmetric  positive  definite  (SPD)  matrix. 
Usually,  the  resulting  SPD  matrix  is  sparse.  In  a  previous  result, 
we  showed  how  the  adaptive  Chebyshev  acceleration  method  for 
sparse  SPD  matrices  could  be  run  on  this  particular  architecture. 
Here,  we  show  how  the  conjugate  gradient  method  can  be  run 
under  same  framework.  Lastly,  we  show  simulation  results  for 
fairly  reasonably  large  synthetic  images  from  two  methods,  and 
compare  them  with  the  results  from  one  of  the  commonly  used 
basic  iterative  methods,  the  Gauss-Seidel  method.  We  also 
detail  our  future  plans.1 


1.  Deplh  Interpolation 

Human  perception  is  a  vivid  one  of  dense  and  coherent 
surfaces  in  depth.  This  suggests  that  there  exists  a  visible- 
surface  reconstruction  process  that  transforms  sparse  information 
into  a  dense  surface  representation.  With  the  sparse  depth  and/or 
orientation  constraints  generated  from  low  level  visual  processes, 
a  depth  interpolation  process  would  compute  the  depth  of  the 
visible  surfaces  at  every  point  explicitly. 

Grimson  formulated  one  approach  to  the  depth 
interpolation  problem  [Grim  81].  He  suggested  an 
“interpolation”  method.  Given  a  set  of  scattered  depth 
constraints,  the  surface  which  best  fits  the  known  constraints  is 
that  which  passes  through  the  known  points  exactly  and 
minimizes  the  expression  referred  to  a^.  the  quadratic  variation  of 
the  surface.  He  used  a  gradient  descent  method  to  find  such  a 
surface  and  slow  convergence  rates  were  observed  in  his  work. 

Terzopoulos  worked  further  on  surface  representation 
[Terz  84],  Instead  of  Grimson’s  “interpolation”  approach,  he 
proposed  an  “approximation”  method  where  the  discrete 
potential  energy  functional  associated  with  the  surface  is 
minimized.  In  his  formulation,  known  depth  and/or  orientation 
constraints  contribute  as  spring  potential  energy  terms. 

The  discrete  form  of  tht.  isible-surface  reconstruction 
problem  is  described  as  the  solution  of  a  large  sparse  linear 
system  of  equations.  The  nonzero  coefficients  of  each  equation  is 
specified  as  summations  of  computational  molecules.  Given  the 
depth  constraints  and  the  orientation  constraints,  a  set  of 
computational  molecules  computes  the  nonzero  coefficients  of 
the  linear  system  by  local  computations.  Because  of  the 
symmetric  nature  of  the  computational  molecules,  it  can  be 
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easily  shown  that  the  resulting  matrix  is  symmetric.  Furthermore, 
Terzopoulos  shows  the  stronger  result  that  the  matrix  generated 
is  symmetric  and  positive  definite  (SPD).  The  matrix  is  also 
sparse.  Even  for  nodes  which  are  sufficiently  distant  from  a 
bemdary  where  the  depth  is  discontinuous,  they  interact  with 
only  12  neighbors,  all  of  them  at  most  only  2  nodes  away. 
Terzopoulos  used  a  multi-grid  approach  with  the  Gauss-Scidel 
relaxation  method  at  each  relaxation  sweep  to  speed  up  the 
convergence  rate. 

We  follow  the  Terzopoulos’  formulation  on  visible  surface 
reconstruction  and  use  the  computational  molecules  proposed  by 
him.  However,  we  present  an  alternative  depth  interpolation 
process  using  the  theoretically  better  iteration  methods,  which 
speed  convergence  and  are  amenable  to  certain  classes  of  parallel 
computers.  In  our  previous  paper  [Choi  85],  we  used  the 
adaptive  Chebyshev  acceleration  method.  In  this  paper,  we 
present  another  efficient  method,  the  conjugate  gradient  method. 


2.  Conjugate  Gradient  Method 

The  depth  interpolation  problem  has  been  cast  as  solving  a 
large  system  of  linear  equations2 

Ax  =  b  (1) 

where  A  =  A*  >  0  is  an  n  x  n  hermitian3  and  positive  definite 
matrix  [Wozn  80]. 

We  solve  the  equation  (1)  iteratively  by  constructing  a 
sequence  {x®}  converging  to  the  solution  u  =  A'^b.  Let  B  =  B 
>  0  be  a  matrix  which  commutes  with  A:  BA  =  AB. 

Let  ||x||B  =  ||B1,2x||  =  ( Bx ,  x)1/2,  where  ||x||  =  (x,  x)1'2. 

Let  x<°>  be  an  initial  approximation  and  consider  a  class  of 
iteration  methods  for  which  the  error  formula  satisfies  the 
relation 

x<‘>-a  =  Wjf/lHx^-a), 

where  Wi  is  a  polynomial  of  degree  at  most  i  and  !V(-(0)  = 
1.  We  seek  the  polynomials  \Vi  such  that  the  error  = 

l|x(,)  -  o||fl  is  minimized.  The  solution  is  given  by  the  orthogonal 
polynomials  defined  as  follows.  Let 

m 

x(°)  -  Ot  =  £  C^O) 
r-i 


2ln  this  paper,  wc  use  x  lo  denote  the  depth  vector.  In  a  previous  paper,  we 
used  u. 

3Sincc  the  matrix  A  is  both  real  and  symmetric,  it  is  hermilian. 
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where  js  an  eigenvector  of  A  associated  with  the 
eigenvalue  Xy.  AHjS)  =  XJ^B,  ||£W||  =  1,  0  <  Xt  <  Xj  <  •  ■  ■  <  Xm, 
with  m  <  n  and  Cj  *■  0  for  j  =»  1,  2,  .  . . ,  m.  From  the 
orthogonality  of  the  polynomials  W;  it  follows  that  they  satisfy  a 
three-term  recurrence  formula.  This  form  is  defined  as  follows: 

VF0(X)  =  1, 

VFl(X)  =  1  -  c0X, 

Wi+1(X)  =  W;(\)-C;XlV,{X) 

-  U,  {W,._,(X)  -  IV, {X)  +  C,XW,(X)},  <>1, 

where 

(IV,,  IV;) 

C;  =  (Xiv,,  wry 

U0  =  0, 

(H',.-C,XW;)i(lV;_1-lV;)+C,.W,) 

1 - h - 

(W;_,  -  W;  +  C;XW,,  j(1VW  -  IV;)  +  C;W;) 


(/'),  /O) 

C‘  (r«,  A/-W)’ 

«0  =  °- 

(y(0  /0  —  c-Ar W) 

u  -  .  .  _ i _ _ _ t>l.  (5) 

1  (y(‘X  **  -Ax^  +  CjArty 

We  show  how  this  method  is  easy  to  implement  in  the 
following  architecture,  and  investigate  its  efficiency. 

3.  Architectural  Background 

As  we  have  remarked  in  our  previous  paper,  a  parallel 
architecture  support  to  meet  the  particular  structure  of  our 
application  demands  following  characteristics: 

•  fine  grained 

•  S1MD 

•  local  communication 


From  this  we  get  the  three-term  recurrence  formula  for  the 
sequence  {*(*)}, 

r«  _  Ar«  -  b, 

z<0  =  xU-cS‘\ 


•  global  communication. 

In  this  section,  we  derive  a  model  of  SIMD  computation 
that  has  all  necessary  characteristics.  Various  features  of  this 
model  will  be  extracted  separately  from  several  actual  SIMD 
machines  that  have  been  built. 


y(i)  „  jcfi-D-zM 

*(i+»  -  z«-u,.y( 0,  (2) 

where 

_  (r(‘l  B(/‘>  -  a)) 

C‘  (r«,  BrW) 


0, 

(y«  B(zW-a)) 


i2tl. 


(3) 


‘  (y(‘l  By(r>) 

In  exact  arithmetic,  the  conjugate  gradient  method  (2),  (3) 
converges  in  m  steps. 


For  B  =  A  we  minimize  ||A1/2(jcW  -a)||.  This  corresponds 
to  the  classical  conjugate  gradient  method.  After  further 
simplification,  we  have 

c  (r(llr<‘l) 

'  (r«,  A/0)’ 


“0  =  0. 

(y®,  Az^  -  b) 
=  (y(0,AyW)  * 


1 2:1. 


(4) 


On  examination  of  the  equations  (2)  and  (4),  we  find  that 
we  seem  to  need  four  matrix  multiplications.  But  two  matrix 
multiplications,  AyW  and  can  be  eliminated  with 

substitutions.  Now  we  have 


The  time  complexity  analysis  of  parallel  machines 
involves  two  factors:  the  internal  computational  speed  of  each 
processing  element  (PE)  and  the  communication  speed  to  move 
around  data  between  the  FEs. 

The  computational  speed  of  each  PE  depends  on  the 
complexity  of  the  hardware  circuitry  built  into  it.  In  computer 
vision  applications,  we  have  a  tremendous  amount  of  data  to  be 
processed.  Therefore,  it  forces  the  designer  to  design  each  PE  as 
simple  as  possible  to  accommodate  more  and  more  PEs. 
Nevertheless,  we  need  good  computational  capability  as  well, 
such  as  the  floating  point  calculations  as  required  in  this 
application. 

One  such  PE  design  which  made  effort  to  meet  these 
computational  requirements  is  that  of  the  Massively  Parallel 
Processor  (MPP).  For  the  128  x  128  square  mesh,  the  actual 
execution  speed  of  470  million  addition  operations  per  second, 
291  million  multiplication  operations  per  second,  and  165 
million  ision  operations  per  second  have  been  reported  with 
32-bit  floating  point  data  format  in  [Gilm  83,  p.  166],  We  took 
these  numbers  and  converted  them  into  equivalent  machine 
cycles  in  Table  3-1.  We  took  into  account  of  100  nanosecond 
machine  cycle  time  of  the  MPP. 

In  MPP,  NON-VON  and  Connection  Machine,  mesh 
communication  instructions,  which  handle  local 
communications,  execute  in  single  machine  cycle.  We  assumed 
a  single  bit  data  path  between  PEs  and  a  floating  point  data  is 
moved  from  the  memory  of  one  PE  to  the  other  PE’s  memory. 
For  the  transfer  of  each  bit,  we  assumed  a  5  machine  cycle 
sequence:  read  a  bit,  send  it  through  mesh  connection,  and  then 
write  it.  Therefore,  for  32-bit  floating  poim  data,  it  will  take  160 
machine  cycles  for  completion. 
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For  global  communications,  we  assumed  the  tree  topology 
of  NON-VON.  We  assumed  that  the  instructions  which  carry 
out  the  tree  communications  between  adjacent  levels  execute  in 
2  machine  cycles  following  the  experience  of  NON-VON  chip 
and  prototype  system  design/implementation  efforts.  We 
assumed  again  a  sit  ;le  bit  data  path  between  PEs  and  a  floating 
point  data  is  moved  from  the  memory  of  one  PE  to  the  other 
PE’s  memory  For  the  transfer  of  each  bit,  we  assumed  a  6 
machine  cycle  sequence:  read  a  bit,  send  it  through  tree 
connection,  and  then  write  it.  Therefore,  for  32-bit  floating  point 
data,  it  will  take  192  machine  cycles  for  completion. 

In  the  Connection  Machine,  global  communication  is 
handled  by  Boolean  n-cube  topology.  For  the  prototype  with  the 
size  or  256  x  256  mesh,  the  communications  bandwidth  of  5.0  x 
1010  bits/second  for  the  FFT  Pattern  has  been  reported  in  [Hill 
86,  p.  72],  There  is  a  single  Pit  data  path  between  chips  and  it 
will  take  63  machine  cycles  to  move  a  single  bit  to  the  cube 
neighbor.  We  took  into  account  of  4  MHz  clock  and  4,0°6 
routers.  The  reason  why  we  have  such  a  big  number  is  that  the 
messages  are  delivered  across  each  dimension  in  sequence  for 
every  petit  cycle  in  the  Connection  Machine.  For  a  32-bit 
floating  point  data,  it  will  take  2,016  machine  cycles. 

Our  discussion  is  summarized  in  Table  3-1.  This  model  of 
SIMD  computation  will  be  used  throughout  this  paper. 


4.  Parallelization 


4.1.  Storage  Space  Analysis 

In  the  adaptive  Chebyshev  method,  we  need  16  1-bit  flags 
and  16  floating  point  numbers  for  the  storage  space  of  each  PE. 
Assuming  32  bits  for  the  floating  point  number  representation, 
we  need  528  bits  per  PE.  In  the  conjugate  gradient  method,  we 
need  16  1-bit  flags  and  21  floating  point  numbers.  Here,  we 
need  688  bits  per  PE. 


4.2.  Time  Complexity  Analysis 

Suppose  that  we  have  sXi  square  mesh  at  the  leaf  of  the 

tree. 

For  the  adaptive  Chebyshev  acceleration  method,  we  show 
the  number  of  operations  in  local  and  global  computations  and 
then  totals  for  each  operation  in  Table  4-2.  By  local 
computations  we  mean  those  which  require  internal 
computations  carried  out  inside  of  PE  and  optional  mesh 
communications  with  nearby  neighbors.  The  computation  of 
two  vectors,  8  and  falls  into  this  group.  The  matrix 

computation,  Gu®,  is  an  embedded  step  of  the  computation  of 
the  vector  8.  By  global  computations  we  mean  those  which 
require  tree  communications  for  global  summary  and  other 
internal  computations  carried  out  prior  to  or  during  global 
summary.  The  computation  of  three  vector  norms  are  put  in  this 
group. 

Under  the  column  designated  "TOTAL”,  the  number  of 
operations  are  multipled  by  the  number  of  machine  cycles  which 
were  defined  before  in  Table  3-1.  In  summary,  the  total  number 
of  machine  cycles  required  for  each  iteration  of  the  adaptive 
Chebyshev  acceleration  method  is  given  by 
4392  x  (log 2  s)  +  16453  For  the  tree  with  128  x  128  square 
mesh  at  the  leaf,  the  total  number  of  machine  cycles  is  47197. 


We  show  the  result  for  the  conjugate  gradient  method  in 
Table  4-4.  The  computation  of  four  vectors  and  two  matrix 
computations  fall  into  local  computations.  The  matrix 
computations,  Ax^  and  Ar(‘\  are  embedded  steps  of  the 
computation  of  the  vector  i-W  and  the  coefficient  c(,  respectively 
The  computation  of  four  inner  products  to  compute  two 
coefficients,  ci  and  tq,  are  put  in  global  computations. 

The  total  number  of  machine  cycles  required  for  each 
iteration  of  the  conjugate  gradient  method  is  given  by 
5856  x  (log2s)  +  32307.  For  the  tree  with  128  x  128  square 
mesh  at  the  leaf,  the  total  number  of  machine  cycles  is  73299. 


5.  Simulation  Results 

We  have  rewritten  the  NON-VON  simulator  to  handle  the 
floating  point  operations.  It  has  been  rewritten  in  FORTRAN  77 
and  transported  to  IBM  4381.  It  now  handles  up  to  a  128  x  128 
square  image. 

In  our  simulation  work,  the  synthetic  image  was  a  constant 
depth  plane  (a  =  1.0).  The  shape  of  the  boundary  of  the  plane 
was  a  square,  with  size  128  x  128.  The  depth  constraints  were 
scattered  randomly  over  the  plane.  The  density  of  the  depth 
constraints  were  15%,  30%,  and  50%. 

The  root  mean  square  error  (RMSE)  at  the  ith  iteration  is 
defined  as  follows: 

=  ((£  [xf  -aft)!  n)m. 

In  Table  5-1,  we  show  the  number  of  iterations  i  to  attain 
the  specified  RMSE.  The  results  are  tabulated  side  by  side  for 
three  different  iteration  methods,  the  conjugate  gradient,  the 
adaptive  Chebyshev  acceleration,  and  the  Gauss-Seidel  method. 
We  observe  that  the  conjugate  gradient  method  performs  best  in 
the  sense  that  it  takes  the  least  number  of  iterations.  The  adaptive 
Chebyshev  acceleration  method  comes  next  and  the  Gauss- 
Seidel  performs  worst.  But  we  should  note  that  each  step  of  the 
iteration  of  the  first  two  methods  is  completely  parallelized  so 
that  overall  execution  is  much  faster  compared  to  the  Gauss- 
Seidel  method  where  the  computation  is  done  in  serial  fashion. 
As  the  depth  constraints  become  sparser,  the  depth  interpolation 
problem  itself  becomes  inherently  harder  to  solve  and  takes  more 
iterations.  Even  here,  the  degradation  in  the  Gauss-Seide1 
method  turns  out  to  be  the  worst. 

We  have  derived  before  that  the  total  number  of  machine 
cycles  per  iterations  are  47197  for  the  adaptive  Chebyshev 
acceleration  method  and  73299  for  the  conjugate  gradient 
method,  respectively.  In  Table  5-2,  we  show  the  normalized 
number  of  iterations  for  two  methods.  For  the  adaptive 
Chebyshev  acceleration  method,  we  use  the  same  numbers  as  in 
Table  5-1.  For  the  conjugate  gradient  method,  we  have 
multiplied  the  number  of  iterations  in  Table  5-1  by  73299  / 
47197  =>  1.5530.  After  normalization,  the  conjugate  gradient 
method  performs  still  better  than  the  adaptive  Chebyshev 
acceleration  method.  This  is  in  part  due  to  the  errors  in  the 
initial  estimates  of  the  eigenvalues.  In  the  first  few  iterations, 
the  conjugate  gradient  method  performs  much  better,  but  as  more 
computations  are  done  the  estimate  of  the  eigenvalues  (in  this 
case,  the  largest  eigenvalue  only)  gets  better.  Thus,  the 
difference  of  the  number  of  iterations  between  the  conjugate 
gradient  method  and  the  adaptive  Chebyshev  acceleration 
method  gets  smaller. 
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We  have  summarized  other  numerical  values  in  Table  5-3. 
There,  the  measures  are  listed  for  three  different  densities  of 
depth  constraints  for  each  iteration  method.  They  are  the 
number  of  iterations;  the  minimum,  the  maximum,  and  the 
average  of  the  final  depth  values,  and  the  2-norms  of  the  error 
vector.  Furthermore,  we  have  listed  1)^4 ’  —  oc)||  for  the 

conjugate  gradient  method  and  the  final  estimate  of  the  largest 
eigenvalue,  M  F,  for  the  adaptive  Chebyshev  acceleration 
method. 

When  we  examine  the  final  depth  values,  they  show 
another  aspect  of  the  depth  interpolation  problem  becoming 
harder  as  the  depth  constraints  become  sparser.  With 
comparable  or  sometimes  better  average  values,  the  minimum 
and  the  maximum  values  deviate  further  from  the  solution.  This 
phenomenon  is  common  to  all  three  iteration  methods  1  or 
example,  for  the  conjugate  gradient  method,  we  have  smaller 
values  of  —  a)||,  the  quantity  being  minimized  in  this 

method,  as  the  depth  constraints  become  sparser.  Nevertheless, 
we  have  comparable  2-norms  of  the  error  vector  and  the  average 
values,  and  worse  minimum  and  maximum  values.  In  the 
adaptive  Chebyshev  acceleration  method,  the  initial  estimates  of 
the  smallest  and  the  largest  eigenvalues  were  -  ||G||„  and  0.0, 
respectively. 


6.  Conclusion  and  Future  Plans 

In  this  paper,  we  showed  how  the  conjugate  gradient 
method  can  be  applied  to  SIMD  machines  for  those  computer 
vision  problems  where  the  resulting  matrix  is  SPD. 

We  have  analyzed  the  space  and  time  complexity  of  two 
iteration  methods  based  on  our  SIMD  model  derived  from  actual 
machines  built.  In  particular,  we  analyzed  the  computational  and 
the  communication  costs  of  parallel  computing.  Also,  we  have 
analyzed  two  modes  of  communications,  local  and  global, 
necessary  for  local  interactions  and  global  summary, 
respectively. 

In  this  paper,  a  synthetic  image  with  constant  depth  was 
described.  Other  synthetic  images  such  as  sphere  or  cylinder  will 
be  pursued  in  future.  Also,  we  plan  to  run  our  algorithms  to  real 
images  such  as  range  data  from  scanner. 
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Operations 


Data  Type  Execution  speed 
(machine  cycles) 


Addition,  Subtraction 

32-bit  fl.  point 

348 

V.  t. 

Multiplication 

32-bit  fl.  point 

563 

i 

V  «  V  : 

Division 

32-bit  fl.  point 

993 

* 

f  J* 

Mesh  Communication 

1  bit 

1 

.•\A 

Mesh  Communication 

32-bit  fl.  point 

160 

Tree  Communication 

1  bit 

2 

i 

'/ 

Tree  Communication 

32-bit  fl.  point 

192 

‘  *  * 

>V‘V 

Table  3- 1 :  Speed  of  Typical  Operations 


RMSE  Conjugate  Gradient 


Chebyshev  Accel. 


Operations 


local  global 


TOTAL 

(machine  cycles) 


Addition,  Subtraction  1 6  6  ( log  s)  (6  ( log  s)  +  1 6)  x  348 


Multiplication  11  1  12x563 

Division  10  lx  993 

Mesh  Comm  jnication  16  0  16x160 

Tree  Communication  0  1 2  (/og  .v)  +  3  (1? <log  .t)  +  3)  x  192 


Table  4-1:  Summary  of  Operations  (Chebyshev  Accel.  Method) 


Operations 


local  global 


TOTAL 

(machine  cycles) 


Addition,  Subtraction  30  8  ( log  s)  +  3  (8  ( log  .s)  +  33)  x  348 


Multiplication  18  5  23  x563 

Division  2  0  2  x  993 

Mesh  Communication  32  0  32  x  160 

Tree  Communication  0  1 6  (log  s)  +  4  (\6(log  ,v)  +  4)  x  1 92 


Table  4-2:  Summary  of  Operations  (Conjugate  Gradient  Method) 


RMSE  Conjugate  Grad.  Chebyshev  Accel.  Gauss-Seidel 


50% 

30'  • 

15% 

5o% 

.•Of; 

i5% 

50% 

30% 

15% 

0.5 

5 

8 

15 

27 

35 

54 

29 

51 

111 

0.2 

12 

20 

36 

41 

59 

98 

72 

130 

295 

0.1 

20 

31 

54 

55 

79 

128 

106 

195 

459 

0.05 

27 

42 

73 

65 

93 

157 

141 

264 

647 

0.02 

37 

57 

103 

79 

120 

206 

190 

363 

949 

0.01 

45 

69 

129 

94 

136 

250 

228 

444 

1230 

0.005 

52 

81 

152 

104 

160 

296 

268 

530 

1554 

0.002 

62 

98 

178 

118 

182 

353 

322 

653 

2023 

0.001 

70 

109 

199 

135 

207 

383 

364 

751 

2393 

Table  5-1:  Root  Mean  Square  Error 


%  3 


0.5 

7.8 

12.4 

23.3 

27 

35 

54 

0.2 

18.6 

31.1 

55.9 

41 

59 

98 

0.1 

31.1 

48.1 

83.9 

55 

79 

128 

0.05 

41.9 

65.2 

113.4 

65 

93 

157 

0.02 

57.5 

88.5 

160.0 

79 

120 

206 

0.01 

69.9 

107.2 

200.3 

94 

136 

250 

0.005 

80.8 

125.8 

236.1 

104 

160 

296 

0.C02 

96.3 

152.2 

276.4 

118 

182 

353 

0.001 

108.7 

169.3 

309.1 

135 

207 

383 

Table  5-2:  Root  Mean  Square  Error  (normalized) 


Results  from  the  Conjugate  Gradient  Method 


d 

i 

r(0  . 

min 

r(0 

max 

*(0avg  ||*« -a|| 

50% 

70 

.984603 

1.002782 

.999994  .126194 

.0143727 

30% 

109 

.980571 

1.003009 

.999988  .130898 

.0096369 

15% 

199 

.979287 

1.007600 

.999997  .125836 

.0053095 

Results  from  the  Adaptive  Chebyshev  Acceleration  Method 
<l  '  *(0mm  *(°™,  xU\vg  ll*(0-a]|  Mp 

50% 

135 

.985364 

1.000801 

.999687  .124797 

.991694 

30% 

207 

.979400 

1.000410 

.999826  .126349 

.996296 

15% 

383 

.971733 

1.001309 

.999929  .127170 

.998905 

Results  from  the  Gauss-Seidel  Method 

a  '  *(°mm  ^ avg  ll-*(0  *  0t|[ 

50% 

364 

.988639 

1.000352 

.999474  .127688 

30% 

751 

.981034 

1.000412 

.999687  .128378 

15% 

2393 

.971534 

1.001434 

.999900  .127979 

Table  5-3: 

Other  Results 
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Abstract 

Computer  vision  systems  process  large  volumes  of  data 
and  require  huge  computing  power.  This  renders  con¬ 
ventional  sequential  computers  I/O  hound  or  compute 
hound.  Computers  with  parallel  processing  capability 
are  designed  to  address  these  problems.  We  survey 
some  of  these  parallel  computers,  both  general  pur¬ 
pose  and  those  oriented  towards  computer  vision.  Some 
of  the  surveyed  computers  are  in  production  and  can 
be  purchased  from  the  manufacturers;  others  are  in 
various  stages  of  development  in  research  laboratories. 
Rather  than  describing  each  computer  completely,  this 
survey  emphasizes  special  features  associated  with  each 
Computer.  Tables  of  comparisons  of  the  surveyed  com¬ 
puters  are  given. 

1  Introduction 

Parallel  processing  has  been  successfully  used  to  re¬ 
duce  the  time  of  computation  for  a  wide  variety  of  ap¬ 
plications.  The  processing  of  large  amounts  of  data, 
the  need  for  real  time  computation,  the  use  of  com¬ 
putationally  expensive  operations,  and  other  demands 
that  would  make  a  task  too  time-consuming  to  peiforrn 
on  conventional  sequential  computers  have  motivated 
computer  architects  to  consider  parallel  computer  de¬ 
sign.  To  help  readers  understand  different  kinds  of  par¬ 
allel  computers,  we  explore  various  parallel  computers 
avm'able  by  examining  special  features  of  each  com¬ 
puter. 

This  paper  is  divided  into  three  main  parts.  The  first 
part  discusses  some  general  considerations  involved  in 
the  design  of  parallel  processing,  including  architec¬ 
tures  and  interconnection  n°tworks.  The  second  part 
outlines  the  main  features  of  the  surveyed  computers. 
They  are  arranged  in  alphabetical  order  by  the  name 
of  the  computer.  An  appendix,  compares  the  surveyed 
computers  by  number  of  processors,  processing  power, 

'This  work  was  supported  by  the  Defense  Advanced  Research 
Projects  Agency  under  contract  number  N00039-84-C-021 1 


memory  size,  architecture,  availability,  chip  used,  and 
software  environment. 

1  he  OAR  PA  image  understanding  architecture 
workshop  (?  HG)  provided  detail  information  on  the 
performance  of  some  of  the  following  systems  on  11 
"benchmark"  problems. 

2  General  Considerations 

2.1  Architectures 

Most  computer  architectures  for  parallel  processing  can 
be  classified  as  either  single  instruction  multiple  data 
(SIMD)  structures  or  multiple  instructions  multiple 
data  (MIMD)  structures.  A  few  computers  have  mul¬ 
tiple  SIMD  units  that  can  operate  independently,  and 
they  are  classified  as  multiple  SIMD  (MSIMD)  struc¬ 
tures. 

A  SIMD  computer  typically  consists  of  N  processing 
units,  an  interconnection  network,  and  a  control  unit. 
Bach  processing  unit  has  its  own  processor  and  mem¬ 
ory.  The  interconnection  network  provides  interpro¬ 
cessor  communication.  The  control  unit  broadcasts  in¬ 
structions  to  the  processors.  Each  active  processor  ex¬ 
ecutes  the  same  instruction  simultaneously,  using  data 
taken  from  its  own  memory. 

A  MIMD  computer  consists  of  a  set  of  independent 
processing  units  and  an  interconnection  network.  Each 
processing  unit  has  an  independent  instruction  stream 
and  operates  on  independent  data.  The  interconnec¬ 
tion  network  provides  communication  between  proces 
sors. 

2.2  Interconnection  Networks 

The  interconnection  network  is  crucial  to  running  par¬ 
allel  computers  efficiently.  We  discuss  some  of  the  most 
commonly  used  networks  in  parallel  computers.  They 
include  cross-bar,  pipelined,  bus,  K-dimensiona]  hyper 
cube,  Omega,  and  grid  networks. 

A  cross-bar  network  allows  any  processor  to  access 
data  from  all  other  processors.  Thus,  there  is  never 
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contention  for  communications  resources.  This  scheme 
requires  N2  switches  to  connect  N  processors.  How¬ 
ever,  it  becomes  too  costly  to  implement  when  the  num¬ 
ber  of  processors  is  large 

The  pipeline  or  one-dimensional  systolic  array  net¬ 
work  is  a  simple  one-dimensional  nearest-neighbor  con¬ 
nection.  The  function  of  each  processing  unit  is  speci¬ 
fied  by  the  host  according  to  a  specific  problem  or  class 
of  problems.  Once  set  up,  each  processing  unit  per¬ 
forms  the  same  operation  on  every  datum  sequentially. 
The  cost  of  this  network  is  proportional  to  the  number 
of  processors. 

A  bus  network  uses  a  common  shared-data  channel 
for  communication.  With  a  bus,  any  processor  may 
transmit  data  to  other  processors  through  the  common 
data  channel.  However,  since  only  one  processor  can 
transmit  at  a  time,  bus  contention  becomes  the  major 
problem  of  this  network.  Cache  and  local  memories  de¬ 
crease  load  on  a  bus  and  extend  utility  to  processors. 
Bus-oriented  architectures  are  prominent  in  commer¬ 
cial  systems. 

A  K-dimensional  hypercube  network  connects  N  = 
2h  processors.  Processors  can  be  viewed  as  corners 
of  a  cube  in  K-dimensional  space  with  connections  as 
edges  of  the  cube.  This  network  has  a  high  data  band¬ 
width,  which  grows  as  NlogN,  and  a  low  message  la¬ 
tency  whose  worst  case  is  logN.  This  network  is  adapt¬ 
able  to  other  topologies,  such  as  ring,  tree,  and  two- 
and  three-dimensional  meshes. 

An  N  x  N  Omega  network  consists  of  logN  identical 
stages.  Between  adjacent  stages  is  a  perfect  shuffle  in¬ 
terconnection.  Each  stage  has  N/2  switch  boxes  under 
independent  box  control  The  bandwidth  is  linear  in  N 
and  the  latency  is  logarithmic  in  N. 

A  two-dimensional  nearest-neighbor  network  allows 
communication  between  nearest  neighbors  arranged  in 
a  grid.  It  is  particularly  suitable  for  SIMD  architecture. 
However,  communication  between  distant  processors  is 
expensive  (proportional  to  the  square  root  of  the  num¬ 
ber  of  processors).  The  complexity  of  the  network  in 
creases  proportionally  according  to  the  number  of  pro¬ 
cessors.  This  is  a  common  architecture,  augmented  in 
some  machines  by  other  interconnection  for  distant  pro¬ 
cessors. 

3  Surveyed  Computers 

3.1  Balance 

The  Balance  21000  parallel  computer  system  is  a 
MIMD  system  offered  by  Sequent  Computer  System 
Inc..  It  provides  front  four  to  thirty  tightly-coupled 
32-bit  microprocessors  with  performance  which  ranges 


from  2.8  to  21  MIPS.  Up  to  256  users  can  be  supported 
simultaneously. 

National  NS32032  microprocessors  are  used,  loach  is 
supported  by  a  floating-point  unit,  a  memory  manage¬ 
ment  unit,  and  a  8-Kbyte  cache.  The  cache,  together 
with  its  interrupt  control  logic,  minimizes  bus  con¬ 
tention  among  processors.  1  his  results  in  linear  speed- 
ups  on  the  system  as  additional  processors  are  added. 
The  whole  system  can  deliver  up  to  2.25  MI  LOPS. 

All  processors  share  a  common  memory  pool  and  a 
single  copy  of  1)U NIX,  a  parallel  version  of  the  UNIX 
operating  system.  1  he  memory  is  interleaved  and  con¬ 
tains  up  to  48  Mbytes.  It  is  equally  accessible  by  all 
processors  and  peripherals. 

A  proprietary  32-bit  system  bus  connects  all  proces¬ 
sors  and  memories.  It  can  sustain  an  effective  data 
transfer  rate  of  up  to  26.7  Mbyte/second.  The  I/O 
subsystems  can  be  Ethernet  or  Multibus  interfaces. 

The  1)1  'NIX  operating  system  dynamically  balances 
the  load  of  the  system  and  distributes  multiuser  work¬ 
loads  evenly  across  processors  for  maximum  system 
throughput.  It  allows  processes  to  access  mutually  ex¬ 
clusive  hardware  directly. 

Sequent  has  a  software  library  that  supports  parallel 
programming  in  (\  FORTRAN,  Pascal,  and  Ada. 

3.2  Butterfly 

The  Butterfly  Parallel  Processing  Computer  is  a  prod¬ 
uct  of  Bolt  Beranek  and  Newman  Inc..  The  basic  con¬ 
figuration  of  this  MIMl)  computer  starts  with  four  pro¬ 
cessors;  it  can  be  expanded  in  singh  processor  incre¬ 
ments  to  256  processors  which  yield  up  to  250  MIPS. 
It  has  a  butterfly  switch  for  interconnecting  all  proces¬ 
sors  described  below. 

Each  processor  and  its  memory  are  located  on  a  sin 
gle  board  called  a  Processor  Node  (PN),  which  is  the 
basic  computing  element  of  the  Butterfly  computer. 
Each  PN  uses  a  standard  .Motorola  MC68020  micro¬ 
processor,  capable  of  executing  one  million  instructions 
per  second.  1  he  microprocessor  is  augmented  by  the 
MC6888 1  floating  point  computational  unit.  Each  PN 
also  contains  a  microcoded  control  processor  that  pro¬ 
vides  interprocessor  communication,  synchronization, 
and  support  for  parallel  processing. 

Each  node  may  have  memory  size  from  one  Mbyte 
to  four  Mbytes,  with  a  maximum  system- wide  shared 
memory  of  one  Chyle.  It  .an  independently  execute 
its  own  sequence  of  instructions,  referencing  data  as 
specified  by  the  instructions.  1  hough  memory  is  local 
to  the  PNs,  each  processor  can  access  remotely  any 
memory  in  the  system  using  the  Butterfly  switch. 

I  lie  Butterfly  switch  implements  interprocessor  corn- 
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munication  using  techniques  similar  to  packet  switch¬ 
ing.  Its  topology  is  similar  to  that  of  the  Fast  Fourier 
Transform  Butterfly  and  it  implements  a  subset  of 
the  hypercube  network.  The  swi'ch  has  a  latency  of 
logN  and  the  bandwidth  through  each  processor-to- 
processor  path  in  the  switch  is  32  Mbits/second. 

1  he  Butterfly  1/0  system  is  distributed  among  the 
PNs.  Any  node  can  have  an  1/0  board  that  supports 
data  transfer  at  a  maximum  rate  of  two  Mbytes/second. 

Butterfly  application  software  development  is  done 
on  a  VAX  or  Sun  work  station  running  Berkeley  1.2 
UMX.  fhe  system  supports  ('  and  FORTRAN  77. 
A  multiprocessing  Common  1  isp  system,  that  will  be 
compatible  with  the  Symbolic  .3600  senes  of  Lisp  work 
stations,  is  under  development. 

3.3  CAPP 

The  Content  Addressable  Parallel  Processor  (CAPP) 
is  a  S1MD  computer  built  at  the  University  of  Mas¬ 
sachusetts.  Its  goal  is  to  explore  the  applications  of 
content  addressability  and  parallelism.  I  lie  computer 
consists  of  two  main  parts  the  central  control  unit  and 
the  parallel  processor. 

The  central  control  unit  is  responsible  for  broadcast¬ 
ing  instructions  to  the  parallel  processor  and  for  load¬ 
ing  and  unloading  data  in  the  processor.  It  also  serves 
as  an  interface  between  the  host  arid  secondary  data 
storage  devices.  The  central  control  unit  is  pipelined, 
and  instructions  can  be  prefetched.  It  contains  a  ROM 
with  commonly  needed  micro-coded  instructions  and  a 
small  program  memory  for  storing  user  programs. 

The  parallel  processor  contains  262,1  IT  cells  ar¬ 
ranged  as  a  512  x  512  array.  Fach  cell  consists  of  32 
bits  of  static  memory,  an  ALU,  and  four  one-bit  static 
tags.  One  of  the  tags  cont  rols  whether  the  cell  is  active. 

Cells  are  connected  to  their  nearest  four  neighbors. 
Because  the  pin  count  on  the  chip  is  limited,  an  8:1 
multiplexing  scheme  w'as  used  for  communication  be¬ 
tween  chips.  Cells  on  the  edge  are  processed  in  three 
ways,  first  as  dead  edges  connecting  no  neighoor,  sec¬ 
ond  wrapped  around,  or  third  wrapping  around  but 
offset  by  one  cell,  to  make  a  linear  array. 

3.4  CLIP 

Ccllul  ar  Logic  array  for  Image  P/oeessing,  CLIP,  is  a 
family  of  array  processors  developed  at  University  Col¬ 
lege,  London.  CL1P7  is  the  most  recent  system  con¬ 
structed  in  the  CLIP  family.  It  has  improved  image 
resc'ution  to  512  x  512  pixels  as  compared  to  96  x  96 
pixels  in  CLIP-1.  CL1P7  is  implemented  as  a  scanned 
array  of  512  x  T  processors.  Each  processor  deals  with 
data  from  128  pi xels  during  scanning. 


I  he  original  C  LIFT  chip  lias  a  bit-serial  circuit  that 
is  flexible  but  lacks  individual  power.  The  Cl  1P7  is 
based  on  a  custom-designed  integrated  circuit,  which 
includes  a  16-bit  ALU  running  at  lOOns/cycle.  Thi 
multibit  circuit  is  more  appropriate  than  the  bit-serial 
circuit  for  image  processing  on  grey  scale  data 

loach  processor  has  128  x  256  bits  of  storage,  orga¬ 
nized  as  1,096  bytes.  A  local  register  allows  the  con 
struct  ion  of  a  system  in  which  each  processor  in  the 
array  has  degree  of  local  autonomy.  Externally  ap¬ 
plied  signals  control  normal  chip  operation.  However 
the  content  of  a  local  register  can  affect  operation  if 
conditional  operation  is  selected. 

T  lie  CL1P7  chi]>  has  a  single  processor.  All  data  lines 
are  available  externally,  in  particular  the  neighborhood 
interconnection  lines.  This  means  it  is  possible  to  build 
assemblies  of  processors  having  various  connection  net¬ 
works. 

Data  buses  in  the  chip  are  16  bits  wide,  whereas  ex¬ 
ternal  data  accesses  are  through  8-bit  ports.  Neigh¬ 
borhood  interconnections  between  processors  use  single 
lines  because  of  packaging  requirements.  Serial  trans¬ 
mission  of  propagation  data  imposes  a  10 

All  user  interactions  with  the  CL1P7  system  are 
through  the  minicomputer  host,  which  runs  the  UNIX 
operating  system.  The  host  supports  1PC  and  C  pro¬ 
gramming  languages.  A  control  pipeline  receives  infor¬ 
mation  from  the  host.  Pipelining  permits  overlapped 
fetching  and  execution  of  instructions. 

CL1P7  is  provided  with  a  direct  video  data  input 
channel  via  TV  camera,  A/D  converter,  and  a  frame 
store.  It  is  connected  to  a  Winchester  disc  for  data 
storage.  Its  effective  bandwidth  is  between  20  and  TO 
.Mbytes/second,  allowing  storing  or  retrieving  an  image 
in  100ms. 

3.5  Connection  Machine 

1  Linking  Machines  f’orp.  builds  the  Connection  Ma¬ 
chine  computer,  which  has  65,536  processors  providing 
a  raw  computing  power  of  1000  MIPS.  T  he  computer 
can  be  configured  to  a  much  larger  number  of  logical 
processors  by  creating  a  two-dimensional  array  of  vir 
tual  processors  on  each  physical  processor. 

The  computer  can  be  divided  into  four  equal  sub- 
parts.  Each  works  at  a  separate  front  end,  and  each  has 
a  separate  instruction  stream  executing  in  a  quarter  of 
the  system's  processors.  Thus  it  becomes  a  MS1.M1) 
computer. 

Each  processor  is  a  bit-serial  processor  that  operates 
on  two  data  values  specified  by  each  instruction.  It  has 
four  Kbits  of  memory  (32  Mbytes  for  the  computer). 

I  he  memory  is  divided  into  a  data  area  and  a  stack 


area,  and  it  is  bit  addressable.  Sixteen  physical  { ion  v 
sors  are  grouped  on  a  chip. 

Two  ways  of  communication  between  processors  are 
available.  First,  each  processor  is  wired  to  its  neigh¬ 
bors  to  the  North,  East,  West,  and  South  by  the 
NEWS  network  Second,  a  "Boolean  n-cube"  network, 
the  Connection  Machine  Router,  connects  each  of  the 
65,536  physical  processors  to  16  other  physical  proces¬ 
sors  whose  binary  addresses  are  different  in  just  one  of 
the  16  bits.  The  Router  allows  a  full  message  to  be  sent 
from  any  processor  to  any  other.  The  sender  processor 
simply  needs  to  know  the  address  of  the  destination 
processor. 

Data  are  exchang’d  between  memory  and  the  front 
end  in  three  ways.  "Read-slice”  reads  a  single  bit  from 
the  memory  of  each  of  a  series  of  consecutive  proces¬ 
sors.  ’’Read-processor’  moves  a  single  field  between  the 
front  end  and  a  single  processor.  ’’  Read-array"  moves 
fields  between  the  front  end  and  a  set  of  contiguous 
processors. 

A  microcontroller  expands  macro-instructions  from 
the  front  end  into  nano-instructions,  which  are  broad¬ 
cast  to  all  virtual  processors.  Processors  have  the  op¬ 
tion  of  "sitting  out”  some  instructions  depending  on 
the  one-bit  Context  Flag  in  each  processor. 

The  Connection  Machine  provides  an  assembly-level 
language  REL-2.  It  also  supports  parallel  versions  of 
C  and  Lisp. 

3.6  FAIM-1 

FAIM-l  is  a  multiprocessing  system  developed  to  sup¬ 
port  concurrent  symbolic  program  development  and  ex¬ 
ecution.  It  consists  of  many  autonomous  processing 
elements,  called  llectogons,  arranged  in  a  hexagonal 
mesh.  A  19-processor  prototype  computer  is  under  de¬ 
velopment  at  Schlumberger  Palo  Alto  Research. 

Each  Hcctogon  has  six  subsystems  connected  by  the 
System  Bus  (SBUS).  The  Evaluation  Processor  (EP) 
is  a  stack-based  processor  responsible  for  evaluating 
computer  instructions.  The  Switching  Processor  (SP), 
which  is  responsible  for  context  switching,  sets  up  the 
next  runnable  task,  while  the  EP  evaluates  the  cur¬ 
rently  active  task.  The  Instruction  Stream  Memory 
(ISM)  stores,  decodes,  and  handles  instructions  to  the 
EP.  It  runs  concurrently  with  the  EP  and  effectively 
provides  a  two-stage  pipeline  mechanism.  The  Scratch 
Random  Access  Memory  (TRAM)  is  a  four-ported  lo¬ 
cal  data  memory,  which  provides  concurrent  access  to 
the  EP,  SP,  SBUS  and  Post  Office.  A  parallel  asso¬ 
ciative  memory  for  matching  structures  is  the  Pattern 
Addressable  Memory  (PAM)  which  stores  and  matches 
S-expression  structures  of  symbols  and  words.  Physi¬ 


cal  delivery  of  inter-llectogon  messages  is  carried  out 
through  the  Post  Office  subsystem.  It  delivers  messages 
concurrently  with  program  execution  in  the  processor, 
detects  congestion  dynamically,  and  makes  its  routing 
decisions  accordingly. 

Each  Hcctogon  communicates  by  sending  messages. 
Fault-tolerant  message  routing  is  made  possible  by  the 
multiplicity  of  path.,  over  which  a  message  may  be 
routed  to  its  destination. 

The  FAIM-1  s  communication  topology  consists  of 
two  levels.  The  lower  level  has  a  number  of  llectogons 
interconnected  to  form  processing  surfaces.  I  liese  sur 
faces  in  tuni  can  be  interconnected  to  form  a  multi- 
surface  configuration  on  the  higher  level. 

W  ithin  each  surface  in  the  lower  level,  the  1  lectogons 
are  arranged  in  a  regular  hexagonal  mesh.  When  wires 
leave  a  processing  surface  at  the  periphery,  they  are 
folded  back  onto  the  surface  using  a  three-axis  variant 
of  a  twisted  torus.  This  w  rapping  scheme  provides  a 
minimal  switching  diameter  for  a  hexagonal  mesh,  f  or 
a  19-processor  surface  the  worst-case  communication 
requires  at  most  two  hops. 

Multiple  surfaces  can  also  be  interconnected  using  a 
hexagonal  mesh.  Multi-surface  configurations  have  the 
advantage  of  increased  on-surface  locality.  The  com¬ 
munication  diameter  of  the  entire  system  is  decreased 
when  compared  iO  a  single-surface  instance  of  a  sim¬ 
ilar  number  of  processors.  A  58,381-processor  com¬ 
puter,  arranged  on  a  hexagon  of  side  MO,  has  a  di¬ 
ameter  of  139.  On  the  other  hand,  a  58,807-processor 
computer,  arranged  on  a  9-surface  configuration,  each 
surface  forming  a  hexagon  of  side  10,  has  a  diameter 
of  89.  Thus,  using  a  multi-surface  configuration,  the 
communication  diameter  is  reduced  by  50. 

3.7  FX/series 

Alliant  Computer  System  Corp.  offers  the  FX/series 
parallel  processing  system.  It  can  be  expanded  in  the 
field  to  provide  9-1  Mi  l  OPS  peak  performance. 

The  architecture  of  the  FX-8  system  includes  two 
main  resource  classes  Interactive  Processors  (IPs)  and 
the  computational  complex. 

1  he  IP  runs  interactive  user  jobs  and  the  operating 
system  in  parallel.  It  maintains  system  responsiveness 
and  frees  the  computational  complex  to  concentrate  on 
compute-intensive  applications.  Each  IP  is  a  Multibus 
containing  a  virtual  memory  address  translation  unit, 
an  I/O  map,  and  both  a  console  and  a  remote  diaguos 
tic  serial  port. 

The  IP  interfaces  with  the  IP  cache,  which  provides 
access  to  global  memory.  Each  IP  has  512  Kbytes  of 
local  memory  and  accesses  global  memory  through  a 
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virtual  memory  architecture.  Virtual  address  space  for 
users  is  two  Gbytes.  Up  to  12  IPs  can  be  configured  as 
interactive  load  increases. 

The  computational  complex  consists  of  up  to  eight 
processors,  called  Computational  Elements  (C'Es). 
Each  processor  can  work  independently  and  delivers 
11.8  MFLOPS  peak  performance.  Because  the  hard¬ 
ware  schedules  and  synchronizes  multiple  CEs,  the  per¬ 
formance  speedup  delivered  to  a  single  application  ap¬ 
proaches  the  number  of  GEs  installed. 

The  CP  cache  serves  as  an  interleaved  high-speed 
physical  memory  buffer  for  the  computational  complex. 
Two  cache  modules  with  four  cache  ports  provide  a 
four- way  interleaved  128- Kbyte  cache  with  a  maximum 
bandwidth  of  376  Mbytes/second.  A  crossbar  intercon¬ 
nect  dynamically  connects  up  to  eight  computational 
elements  with  up  to  four  cache  ports. 

Physical  memory  in  Alliant  systems  uses  256  Kbytes 
of  dynamic  RAM  and  is  expandable  in  8-Mbyte  mod¬ 
ules  up  to  a  maximum  of  64  Mbytes. 

The  Concentrix  operating  system  implements  the 
Berkeley  4.2  UNIX  operating  system.  It  supports  a 
multiuser  environment  and  parallel  processing  without 
programmer  intervention.  The  system  manages  two 
types  of  jobs  and  dynamically  schedules  them  on  avail¬ 
able  processors  as  long  as  work  remains.  Compute- 
intensive  jobs  take  priority  on  the  computational  com¬ 
plex.  Interactive  user  jobs,  I/O,  and  other  operating 
system  activities  are  scheduled  on  any  available  IP  or 
otherwise  idle  computational  complex. 

Concentrix  supports  FX/FORTRAN,  Pascal,  C,  and 
Alliant  assembler.  The  FX/FORTRAN  fully  imple¬ 
ments  the  FORTRAN  77  programming  language.  C 
and  Pascal  languages  are  supported  only  in  a  single 
computational  element. 

The  FX/FORTRAN  compiler  identifies  those  sec¬ 
tions  of  code  that  can  be  executed  concurrently  by 
multiple  CEs  during  compilation.  It  optimizes  a  loop  as 
much  as  possible,  but  suppresses  optimization  wherever 
the  optimized  code  might  produce  results  that  differ 
from  the  unoptimized  code.  Thus,  it  requires  no  source 
code  reprogramming  from  the  user.  The  compiler  in¬ 
serts  special  concurrency  control  instructions  into  the 
program  stream  to  identify  these  sections.  This  con¬ 
currency  is  self-scheduling  and  controlled  by  hardware 
at  execution  time.  Additional  CEs  can  be  added  with¬ 
out  recompiling  or  relinking  of  programs.  The  hard¬ 
ware  concurrency  control  allows  a  program  to  initiate, 
synchronize,  and  suspend  concurrent  processing  with 
minimum  overhead. 
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3.8  GAPP 

Geometric  Array  Parallel  I'r  '  'bn  '  GAPP,  was  orig¬ 
inally  developed  by  the  Marta.  Marietta  Corp.  and 
marketed  commercially  by  NCR  Corp.'s  Microelectron¬ 
ics  Division.  It  is  a  S1MD  processor  with  6  x  12  pro¬ 
cessing  elements  (PEs). 

Each  of  the  PEs  contains  an  1  bit  A!  U,  128  bits 
of  RAM,  and  four  registers.  It  operates  with  a  10- 
Mllz.  clock  and  takes  25  clock  cycles  to  add  two  8-bit 
numbers.  With  all  the  PEs  running,  the  processor  can 
deliver  921  million  additions  per  second. 

72  PEs  are  arranged  in  a  6  x  12  array  in  the  current 
version  of  the  chip.  The  chip  is  fabricated  with  a  3  um 
double-layer  metal  CMOS  process,  and  it  is  currently 
housed  in  a  ceramic  84-lead  pin  grid  array. 

Connecting  each  PE  to  its  neighbors  on  the  north, 
south,  east,  and  west  are  bidirectional  communication 
lines.  In  addition,  a  separate  I/O  communication  bus 
allows  data  to  be  input  from  the  south  end  of  the  ar¬ 
ray  and  output  to  the  north  without  interfering  with 
computations  within  the  ALU. 

The  implementation  of  a  control  store  lets  the  pro¬ 
cessor  receive  a  set  of  instructions  from  the  host  and 
store  them,  freeing  the  host  for  other  tasks.  The  control 
store  operates  in  conjunction  with  a  sequencer,  which 
watches  for  and  maintains  the  correct  sequence  as  the 
processor  performs  its  instructions. 

The  processor  is  programmed  with  a  sequence  of  in¬ 
structions  that,  when  compiled  by  an  assembler,  directs 
the  appropriate  control  signals  to  every  cell  in  the  ar¬ 
ray.  Up  to  five  commands  (four  for  each  of  the  four 
registers  and  one  for  the  RAM)  can  be  executed  simul¬ 
taneously  on  every  instruction  cycle.  A  software  library 
of  macro-cells  forms  the  basis  of  a  high  level  command 
set  for  the  processor. 

3.9  iPSC 

Intel  Scientific  Computers  offers  il’SC  as  a  multipro¬ 
cessor  system  that  can  operate  concurrently  with  as 
many  as  128  independent  processing  units  connected 
as  a  hypercube  network. 

The  iPSC  system  consists  of  two  major  functional 
elements — the  cube  and  the  cube  manager. 

Each  node  of  the  cube  is  a  board-level  micro¬ 
computer  with  high-speed  versions  of  the  Intel 
80286/80287  microcomputer  chip  sets.  It  has  its  own 
memory  of  512  Kbytes,  expandable  to  4.5  Mbytes. 
Each  node  also  contains  eight  bidirectional  communi¬ 
cation  channels  managed  by  dedicated  communication 
co-processors.  Seven  of  these  channels  are  physically 
linked  to  other  nodes  and  serve  as  dedicated  channels. 
The  eighth  channel  l.  a  global  Ethernet  channel  that 
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provides  direct  access  to  and  from  the  Cube  manager 
for  program  loading,  data  I/O,  and  diagnostics.  It  lias 
a  10-Mbit/second  channel  for  internode  serial  commu¬ 
nication 

The  cube  manager  pro\  ides  a  high-level  interface.  It 
serves  as  the  local  host  for  the  rube  and  provides  the 
communication/control  software  and  the  system  diag¬ 
nostic  facility.  It  runs  'lie  XENIX  operating  system, 
a  version  of  UNIX,  with  Lisp,  FORTRAN,  0,  and  as- 
semb'y  language. 

The  iPSC-VX  is  a  vector  concurrent  system  built 
upon  the  basic  architecture  of  iPSC.  It  couples  a  high- 
performance  vector  processor  to  each  iPSC  process¬ 
ing  node,  thus  yielding  a  peak  performance  of  1,280 
Mb  LOPS  (on  32-bit  data,  or  121  Ml  LOPS  on  (34-bit 
data)  on  a  (34  node  iPSC’-VX/d6  version.  Lach  node 
consists  of  1.5  Mbytes,  giving  the  whole  system  96 
Mbytes  of  memory. 

3.10  Massively  Parallel  Processor 

The  Massively  Parallel  Processor  (MPP)  is  a  bit-serial 
SIMI)  parallel  processing  computer  built  for  the  NASA 
Goddard  Space  Flight  Center  by  Goodyear  Aerospace 
Corp..  It  has  16,384  processing  elements  (PEs). 

The  major  blocks  in  the  MPP  are  the  array  unit, 
array  control  unit,  staging  memory,  program  and  data 
management  unit,  and  interface  to  the  host. 

Logically,  the  array  unit  contains  16,384  PEs  ar¬ 
ranged  in  a  128  row  x  128  column  square  array.  Physi¬ 
cally,  the  array  unit  contains  an  extra  128  row  x  4  col¬ 
umn  rectangle  of  PEs  for  redundancy.  When  a  faulty 
PE  is  discovered,  the  processor  bypasses  all  the  PEs 
in  that  column  (or  row),  and  the  topology  is  not  dis¬ 
turbed. 

Each  PE  is  a  bit-serial  processor  which  uses  a  full 
adder  and  a  shift  register  for  arithmetic.  Each  PE  has 
a  RAM  storing  1,024  bits.  The  address  lines  of  all  PEs 
are  tied  together  so  that  memories  are  accessed  by  a 
bit-plane  with  one  bit  of  a  bit-plane  accessed  by  each 
PE.  The  PE  memory  can  be  expanded  to  65,536  bits 
per  PE  or  to  128  Mbytes  total.  The  basic  cycle  time 
of  the  PE  is  100ns.  With  all  PEs  operating  in  parallel, 
it  delivers  3,000  MOPS  for  integer  addition  and  400 
MFLOPS  for  floating  point  addition. 

Each  PE  communicates  with  its  four  nearest  neigh¬ 
bors.  The  edge  connection  is  programmable  Between 
the  top  and  bottom  edges  of  the  array  unit,  one  can  ei¬ 
ther  connec  i  them  together  to  make  the  array  look  like 
a  cylinder  or  separate  them  to  make  that  array  look 
like  a  plane.  Similarly,  the  left  and  right  edges  can  be 
independently  connected  together,  or  separated.  When 
the  left  and  right  edges  are  connected  together,  one  can 


either  connect  corresponding  rows  together  or  slide  the 
connection  by  one  row  so  the  left  PE  of  row  i  com¬ 
municates  with  the  right  PE  row  i+1.  Thus  rows  are 
connected  together  in  a  spiral  fashion  like  a  long  linear 
string. 

1  he  array  control  unit  lias  three  subunits  the  PE 
control  unit  (POE)  controls  processing  in  the  array 
unit,  the  I/O  control  unit  manages  flow  of  I/O  data 
through  the  array  unit,  and  the  main  control  unit 
(MCE)  runs  application  programs,  performs  necessary 
scalar  processing,  and  controls  the  other  two  subunits. 
The  division  of  responsibility  allows  array  processing, 
scalar  processing,  and  I/O  to  proceed  simultaneously. 

The  staging  memory  buffers  and  reorders  the  bit- 
serial  format  of  the  array  unit  to  the  word  format  of 
the  outside  world.  Data  can  be  input  at  a  rate  of  160 
Mbytes/secomi.  An  I/O  rate  of  320  Mbytes/second  can 
lie  achieved  when  input  and  output  proceed  simultane¬ 
ously. 

The  program  and  data  management  unit  controls  the 
overall  flow  of  program  and  data  in  and  out  of  the  MPP. 
It  also  handles  program  development  and  diagnostics. 
It  is  implemented  on  a  DEC  PDP-11  minicomputer 
operating  under  DEC’s  RSX-llM  real-time  multipro¬ 
gramming  system. 

The  software  consists  of  two  assemblers  (one  each  for 
the  PCU  and  the  MCE),  a  system  subroutine  library, 
a  set  of  I/O  macros,  a  control  and  debug  module,  and 
a  linker.  Additionally,  a  parallel  version  of  Pascal  is 
available. 

3.11  Multimax 

The  Multimax  multiprocessor  computer  system  is  of¬ 
fered  by  Encore  Computer  Corp..  The  system  can  be 
configured  to  use  from  2  to  20  processors.  Its  perfor¬ 
mance  ranges  between  1.5  and  15  MIPS. 

Each  Dual  Processor  Card  (DPC)  holds  two  indepen¬ 
dent  National  NS32032  processors  running  at  10  MIlz. 
Each  processor  has  its  own  National  NS, 32081  floating 
point  unit.  1  he  DCP  includes  a  32-Kbyte  cache  mem¬ 
ory  unit  which  minimizes  processor  access  latency  to 
data  and  instruction,  and  cuts  bus  traffic. 

1  here  are  I  to  8  Shared  Memory  Cards  (SMCs) 
per  system.  Each  card  provides  from  4  Mbytes  to  16 
Mbytes  of  shared  memory.  Thus  system-wide  shared 
memory  ranges  from  4  to  128  Mbytes.  The  SMC  has 
two  controllers,  which  serve  the  need  of  processors  in 
parallel.  Sequential  data  transfer  into  and  out  of  mem 
ory  is  speeded  up  by  eight-way  interleaving  memory 
bank. 

A  1 00- .Mbyte/second  Nanobus,  which  uses  advanced 
Schottky  technology  and  has  a  cycle  time  of  80  ns,  is 
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provided.  It  supports  the  full-speed  operation  of  all 
processors.  The  Multimax  vector  bus  can  handle  burst 
rates  up  to  1  million  interrupts  per  second.  All  pro¬ 
cessors  are  available  to  respond  to  interrupts,  and  all 
processors  can  initiate  I/O. 

Multimax  supports  two  UNIX  versions  —  UNIX  4.2 
and  UNIX  V,  called  UMAX  4.2  and  UMAX  V  respec¬ 
tively.  Ihese  operating  systems  are  configured  for  a 
multiprocessing  environment.  They  provide  users  with 
transparent  parallelism  in  a  time-sharing  environment. 
Multimax  also  supplies  parallel  extensions  to  standard 
languages,  a  library  of  parallel  processing  system  calls, 
and  a  parallel  debugger. 

3.12  NON-VON 

NON-VON  is  a  family  of  massively  parallel  computers 
being  developed  at  Columbia  University.  The  NON- 
VON  1  and  NON-VON  3  computers  are  SIMD  comput¬ 
ers.  The  NON-VON  4  is  an  enhanced  version  designed 
as  an  ensemble  of  one  or  more  independent  SIMD  com¬ 
puters  communicating  through  a  high-band  width  inter¬ 
connecting  network.  Thus,  NON-VON  4  can  operate 
in  MS1MD  modes 

All  members  of  the  family  include  a  primary  process¬ 
ing  system  (PPS),  which  consists  of  a  large  number  of 
small  processing  elements  (PEs)  configured  as  a  binary 
tree.  Each  PE  has  64  bytes  of  local  RAM  and  an  I/O 
switch.  The  lack  of  memory  in  the  PE  forces  it  to 
load  instructions  from  external  sources.  The  design  of 
NON-VON  also  includes  a  secondary  processing  system 
(SPS)  connected  to  the  PI'S  through  a  high-bandwidth 
parallel  interface.  I  he  SPS  can  inspect  records  "on  the 
fly"  to  determine  whether  they  are  relevant  to  an  oper¬ 
ation  before  transferring  to  the  PPS.  However,  the  SPS 
has  not  been  implemented  because  of  funding  limita¬ 
tions. 

NON-VON  1  and  NON-VON  3  includ  e  a  control  pro¬ 
cessor  (CP)  at  the  root  of  the  tree.  The  C’P  coordinates 
aetivities  within  the  PPS  and  broadcasts  instructions 
to  be  executed  in  all  active  PEs.  On  the  other  hand, 
NONA  ON  1  in  eludes  a  number  of  large  processing  ele¬ 
ments  (1  PEs),  which  are  capable  of  acting  as  a  CP  for 
a  some  portion  of  the  PPS.  Thus  it  can  handle  multi¬ 
tasking  and  multi  user  applications.  Additional  storage 
is  available  for  LPE  in  NON-VON  4.  1  his  will  be  useful 
as  swapping  storage  among  local  RAMs  in  the  PEs. 

I  he  NON-VON  computers  allow  three  modes  of 
communications  between  the  PEs.  They  are  all  sup¬ 
ported  by  the  1/0  switch.  The  global  communication 
mode  allows  the  CP  to  broadcast  instructions  to  all 
PEs  and  each  PE  to  return  results  to  the  CP  Palawan 
be  transferred  from  one  PE  to  another  through  the  CP 


using  global  communication  mode,  but  no  concurrency 
is  achieved.  The  tree  communication  mode  allows  data 
transfer  among  PEs  that  are  physically  adjacent  within 
the  PPS  binary  tree.  Data  can  be  transferred  to  the 
parent,  left  child  and  right  child.  In  linear  communi¬ 
cation  mode,  the  tree  is  reconfigured  as  a  linear  array 
of  PEs.  Data  can  be  transferred  to  the  left  or  right 
neighbor. 


3.13  PASM 

PASM  is  a  partitionable  S1MD/MIMD  computer  at 
Purdue  l  niversity.  It  can  be  dynamically  reconfigured 
to  operate  as  one  or  more  independent  SIMD/MIMD 
computers  of  various  sizes.  The  design  of  PASM  calls 
for  N  =  1,024  processors.  A  16-processor  prototype 
based  on  Motorola  MC68000  processors  is  under  devel¬ 
opment. 

1  lie  basic  components  of  PASM  consist  of  a  parallel 
computation  unit  (PCU),  microcontroller  (MC),  con¬ 
trol  storage,  memory  storage  system,  memory  manage¬ 
ment  system,  and  system  control  unit. 

The  PCU  is  designed  to  have  N  processors,  N  mem¬ 
ory  modules,  and  an  interconnection  network.  The 
PCU  processors  are  microprocessors  that  perform  the 
actual  computations.  The  PCU  memory  modules  are 
used  by  the  PCU  processors  for  data  storage  in  SIMD 
mode  and  both  data  and  instruction  storage  in  M1MD 
mode.  Each  memory  module  has  a  pair  of  memory 
units.  1  his  double  buffering  scheme  allows  data  to  be 
moved  between  one  memory  unit  and  secondary  stor¬ 
age  while  the  processor  operates  on  data  in  the  other 
memory  unit.  1  he  interconnection  network  provides 
communication  among  processors. 

I  he  MC  is  a  set  of  microprocessors  that  act  as  the 
control  units  for  the  PCU  processors  in  SIMD  mode 
and  coordinate  the  activities  of  the  PCU  processors  in 
M1MD  mode.  If  Q  MCs  is  the  maximum  number  of 
partition  allowable,  then  N/Q  is  the  size  of  the  smallest 
partition.  Control  storage  contains  the  program  for  the 
MCs. 

1  lie  memory  storage  system  provides  secondary  stor 
age  for  data  files  in  SIMD  mode  and  for  data  and  pro¬ 
grams  files  for  M1MD  mode.  1  he  memory  management 
system  controls  the  transferring  of  files  between  the 
memory  storage  system  and  the  PCU  memory  mod 
tiles,  l  lie  system  control  unit  is  a  conventional  com¬ 
puter  that  coordinates  different  components  of  PASM 
and  that  is  also  used  for  program  development  and  job 
scheduling. 
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3.14  PICAP 


The  PICAP  is  a  MIMD  parallel  image  processing  sys¬ 
tem  developed  at  the  Picture  Processing  Laboratory, 
Linkoping  University,  Sweden.  The  computer  has  a 
modular  architecture  designed  to  consist  of  up  to  I C  dif¬ 
ferent  processors.  Each  processor  runs  independently 
and  has  a  specialized  function,  such  as  linear  filtering, 
segmentation,  and  image  I/O.  It  is  a  multiuser  system 
that  allows  users  to  share  processors  and  image  mem¬ 
ory  dynamically. 

One  of  the  processors  is  a  SIM D  filter  processor,  PIP, 
that  consists  of  four  subprocessors  operating  in  parallel 
according  to  a  common  microprogram.  Each  subpro¬ 
cessor  is  pipelined  to  increase  its  performance.  A  32- 
Kbyte  local  memory  in  the  PIP  is  partitioned  into  four 
separate  modules  thus  allowing  simultaneous  retrieval 
of  data  by  the  four  subprocessors.  Por  neighborhood 
operations,  it  stores  a  horizontal  strip  of  an  image  such 
that  pixels  are  both  horizontally  and  vertically  adjacent 
to  each  other.  Its  peak  performance  is  10s  elementary 
operations  por  second  on  8-bit  data. 

All  processors  operate  on  images  stored  in  a  large 
random-access  image  memory  of  four  Mbytes,  inter¬ 
leaved  over  16  sepaiate  memory  modules.  A  40- 
Mbyte/second  time-shared-bus  connects  all  the  proces¬ 
sors  to  the  memory. 

The  computer  is  programmed  in  three  ways.  One  is 
a  menu-based  command  language  in  which  commands 
are  executed  directly,  although  it  is  possible  to  store  a 
sequence  of  commands  in  a  file.  A  high-level  Iiighly- 
interactivc  programming  language,  PPL,  designed  for 
the  structure  of  PICAP  is  available.  Each  procedure  of 
PPL  can  be  executed  separately.  PICAP  also  handles 
programs  written  in  FORTRAN  or  Pascal  through  a 
set  of  library  routines. 

3.15  RP3 

Research  Parallel  Processor  Project  (RP.3)  was  initi¬ 
ated  at  IBM.  It  is  designed  as  a  parallel  MIMD  com¬ 
puter  for  investigating  both  hardware  and  software  as¬ 
pects  of  parallel  computation.  It.  can  be  configured 
as  both  shared  memory  and  local  mommy  message- 
passing  paradigms,  as  well  as  mixtures  of  the  two. 

RP3  is  designed  to  have  up  to  512  processor/mcmory 
elements  (PME)  with  an  interconnection  network.  A 
full  system  is  expected  to  provide  up  to  1.3  GIPS, 
800  Mb  I  OPS,  12  Gbytes  of  main  storage,  1 92- 
Mbyte  /  s  e  c  o  n  d  I/O  rate,  and  13-Gbyte/second  inter- 
processor  communication  capability. 

Each  PM)  contains  a  32-bit  processor,  4  Mbytes  of 
memory,  a  32  Kbyte  cache,  a  floating-point  unit,  and 
an  interface  to  the  I/O  and  Support  Processor  (ISP). 


The  RP3  processor  is  a  proprietary  design  based  on  the 
philosophy  that  all  instructions  should  be  completed  in 
a  single  cycle.  But  unlike  otlu  r  RISC  architectures,  it 
has  an  extensive  instruction  set  and  performs  necessary 
interlocks  internally  in  hardware.  1  he  PME  provides  a 
memory  mapping  function  as  part  of  address  trausla 
tion  and  allows  memory  to  be  dynamically  partitioned 
between  global  and  local  memory. 

1  lie  RP3  interconnection  network  is  composed  of  two 
networks.  One  provides  low  latency,  and  the  other  has 
the  ability  to  combine  messages  directed  to  the  same 
memory  location.  I  he  low  latency  network  is  similar  to 
an  Omega  network  but  provides  dual  source-sink  paths. 

The  ISP  supports  I/O,  monitors  performance,  and 
mediates  system  initialization  and  configuration.  It  is 
an  independently  programmable  processor  containing 
4  Mbytes  of  memory  and  the  same  processor  used  in 
P.MEs. 

I  lie  operating  system  for  RP3  will  lie  based  on  BSD 
4.2  l  NIX.  C,  FOIU  RAN,  and  possibly  Pascal  will  be 
available  as  high-level  programming  languages. 

3.16  Warp 

War])  is  a  MIMD  one-dimensional  systolic:  array  com¬ 
puter  being  designed  and  built  at  C'arniege  Mellon  L!ni- 
versity.  It  consists  of  ten  identical  cells  in  a  linear  array 
and  delivers  a  peak  performance  of  100  MFLOPS. 

Each  cell  contains  two  floating  point  processors,  one 
AEP,  and  one  multiplier.  The  processors  are  pipelined, 
and  each  can  deliver  up  to  5  Ml'  I  OPS. 

Ah  operand  register  file  is  dedicated  to  each  arith¬ 
metic  processing  units  to  ensure  that  data  can  be  sup¬ 
plied  at  the  rate  they  are  <  oiismued.  Within  each  cell,  a 
crossbar  is  used  to  support  ?.  high  intra-cell  bandwidth. 

Every  cell  contains  4l\  of  152-bit  word  micro-store 
and  IK  of  32-bit  RAM  as  well  as  other  registers  to 
provide  sufficient  control.  Each  coll  can  be  programmed 
individually  to  exec  ute  a  different  computation. 

Data  flow  through  the  array  on  two  data  paths, 
while  addresses  and  control  signals  travel  on  the  ad¬ 
dress  path.  Each  input  data  patli  lias  a  queue  to  buffer 
input  data. 

An  interface  unit  handles  I/O  between  the  array  and 
the  host  and  performs  data  conversion.  Addresses  for 
data  and  control  signals  are  generated  by  the  interface 
unit  and  are  propagated  from  o  II  to  cell. 

Warp  is  designed  to  interface  with  a  VAX  II/7M) 
through  an  interface  computer  which  provides  1  Mbyte 
of  memory  and  a  24-Mbyle/seeoud  bandwidth.  lie 
host  is  responsible  for  carrying  mil  high-level  applica¬ 
tion  routines  and  supplying  data  to  the  Warp. 
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4  Further  Information 


Balance  :  Sequent  Computer  Systems  Inc.,  15150 
S.W  K oil  Parkway,  Beaverton,  OH.  97006-C0G3.  Tele¬ 
phone  :  503-636-5700 

Butterfly  :  BBN  Advanced  Computer  Inc.,  10 
Fawcett  Street,  Cambridge,  MA  02238.  Telephone  ; 
617  197-3700 

CAPP  Department  of  Computer  and  Information 
Science,  University  of  Massachusetts,  Amherst,  MA 
01003. 

CLIP  :  Image  Processing  Group,  Department  of 
Physics  and  Astronomy,  Cniversity  College  London, 
WClECBT,  L'nited  Kingdom. 

Connection  Machine  :  1  hinking  Computer  Cor¬ 
poration,  215  First  Street,  Cambridge,  MA  02142-121  1. 
Telephone:  617-876-1111 

FAIM-1  Artificial  Intelligence  Laboratory, 

Schlumberger  Palo  Alto  Research,  3.310  Ilillview  Av¬ 
enue,  Palo  Alto,  CA  94301. 

FX/Serics  :  Alliant  Computer  Systems  Corpora¬ 
tion,  42  \agog  Park,  Acton,  MA  01720.  Ielephone  : 
617-26.3-91 10 

GAPP  ;  Microelectronics  Division,  NCR  Corp.,  Fort 
Colllins,  CO. 

iPSC  :  Intel  Scientific  Computers,  15201  NAY. 
Greenbrier  Parkway,  Beaverton,  OR  97006.  Telephone 
:  503-629-7600 

MPP  :  Digital  Technology  Department,  Goodyear 
Aerospace  Corporation,  Akron,  011  44315. 

Mult.iinax  :  Encore  Computer  Corporation,  257 
Cedar  Hill  Street,  Marlborough,  MA  01752.  Ielephone 
:  617-460-0500 

NON- VON  :  Department  of  Computer  Science, 
Columbia  Cniversity,  New  York,  NY  10027. 

PASM  :  School  of  Electrical  I  ngineering,  Purdue 
University,  West  Lafayette,  IN  17907. 

BICAP  :  Department  of  Electrical  Engineering, 
Linkoping  University,  S-.5S1  83  Linkoping  University, 
Sweden. 

RP3  :  IBM  r.  .1.  Uaston  Research  Center,  I’ork- 
town  Heights,  NY  10598. 

Warp  :  Computer  Science  Department,  Carncgie- 
Mellon  University,  Pittsburgh,  PA  15213. 
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Evidence  Combination  Using  Likelihood  Generators 


David  Sher 

Computer  Science  Department 
The  University  of  Rochester 
Rochester,  New  York  14627 


Abstract 

Here,  1  address  the  problem  of  combining  output  of  several 
detectors  for  the  same  feature  of  an  image  1  show  that  if  the 
detectors  return  likelihoods  1  can  robustly  combine  their 
outputs.  The  combination  has  the  advantages  that: 

•  The  confidences  of  the  operators  in  their  own  reports  are 
taken  into  account.  Hence  if  an  operator  is  confident  about  the 
situation  and  the  others  are  not,  then  the  reports  of  the 
confident  operator  dominate  the  decision  process. 

•  A  priori  confidences  in  the  different  operators  can  be  taken 
into  account 

•  The  work  to  combine  'V  opera,  ms  is  linear  in  'N'. 

This  theory  has  been  applied  to  the  problem  of  boundary- 
detection  Results  from  these  tests  are  presented  here. 

1.  Introduction 

Often  in  computer  vision  one  has  a  task  to  do  such  as 
deriving  the  boundaries  of  objects  in  an  image  or  deriving 
the  surface  orientation  of  objects  in  an  image.  Often  one 
also  has  a  variety  of  techniques  to  do  this  task  For 
boundary  detection  there  are  a  variety  of  techniques  from 
classical  edge  detection  literature  [Ballard821  and  the  image 
segmentation  literature  e.g.  [Ohlander79].  For  determining 
surface  orientation  there  are  techniques  that  derive  surface 
orientation  from  intensities  [Horn70]  and  texture  Tkeuchi80] 
[Aloimonos85].  These  techniques  make  certain  assumptions 
about  the  structure  of  the  scene  that  produced  the  data. 
Such  techniques  are  only  reliable  when  their  assumptions 
are  met.  Here  I  show  that  if  several  algorithms  return 
likelihoods  I  can  derive  from  them  the  correct  likelihood 
assuming  at  least  one  of  the  algorithms’  assumptions  are 
met  Thus  I  derive  an  algorithm  that  works  well  when  any 
of  the  individual  algorithms  works  well 

The  mathematics  here  were  derived  independently  hut 
are  similar  to  the  treatment  in  [GoodoO],  and  [GoodHT, 
using  different  notation.  To  understand  my  results  first  one 
must  understand  the  meaning  of  likelihood 

2.  Likelihoods 

In  this  paper  I  call  the  assumptions  that  an  algorithm 
makes  about  the  world  a  model.  Most  models  for  computer 
vision  problems  describe  how  configurations  in  the  real  world 
generate  observed  data.  Because  imaging  projects  away 
information  the  models  do  not  explicitly  state  how  to  derive 


the  configuration  of  the  real  world  from  the  sensor  data.  As  a 
result,  graphics  problems  are  considerably  easier  than  vision 
problems.  Programs  can  generate  realistic  images  that  no 
program  can  analyze. 

Let  0  he  the  observed  data,  f  a  feature  of  the  scene 
whose  existence  we  are  trying  to  determine  (like  a  boundary 
between  two  pixels)  and  M  a  model  Many  computer  vision 
problems  can  be  reduced  to  finding  the  probability  of  the 
feature  given  the  model  and  the  data,  P<f\0&M).  However 
most  models  for  computer  vision  instead  make  it  easy  to 
compute  P{0\f&M).  I  call  PlO\f&M\  (inspired  by  ihe 
statistical  literature)  the  likelihood  of  f  given  observed  data 
O  under  M.  As  an  example  assume  f  is  "the  image  has  a 
constant  intensity  hefore  noise’  M  says  that  the  image  has 
a  normally  distributed  uncorrelated  (between  pixels)  numher 
added  to  each  pixel  (the  noise).  Calculating  PiO\M&f)  is 
straight  forward  (a  function  of  the  mean  and  variance  of  0> 

A  theorem  of  probability  theory,  Bayes'  law,  shows  how 
to  derive  conditional  probabilities  for  features  from 
likelihoods  and  prior  probabilities.  Bayes’  law  is  shown  in 
equation  1. 

P(f\0&M)  =  -  P  O'f&M  Pif\M _ _ (1) 

Jl  P{0\f&M )P(f\M )+PtO\  ~f&M  Pi  —f\M) 

f  is  the  feature  Tor  which  we  have  likelihoods.  M  is  tbe 
domain  model  we  are  using.  P(0\f&M)  is  the  likelihood  of  f 
under  M  and  P{f\M)  is  the  probability  under  M  of  f. 

Another  important  use  for  explicit  likelihoods  is  for  use 
in  Markov  random  fields.  Markov  random  fields  describe 
complex  priors  that  can  capture  important  information. 
Several  people  have  applied  Markov  random  fields  to  vision 
problems  )Geman84],  Likelihoods  can  be  used  in  a  Markov 
random  field  formulation  to  derive  estimates  of  boundary 
positions  MarroquinSfia]  [Chou87],  In  [Sher86]  and 
[Sher87]  I  discuss  algorithms  for  determining  likelihoods  of 
boundaries. 

Let  us  call  an  algorithm  that  generates  likelihoods  a 
likelihood  generator.  Consider  likelihood  generators  L,  and 
Li  with  models  ,V/|  and  ,WZ  and  assume  they  both  determine 
probability  distributions  for  the  same  feature.  L\  can  be 
considered  to  return  the  likelihood  of  a  label  /  for  feature  f 
given  ohserved  data  0  and  the  domain  model  M \ .  Thus  Pl 
calculates  PtO\f=l &  M  ])•  Also  h2  calculates 

PiO\f  l&M  2).  A  useful  combination  of  L,  and  L2  is  the 
likelihood  detector  that  returns  the  likelihoods  for  the  case 
where  M i  or  Af2  is  true.  Also  the  prior  confidences  one  has 
in  Af1  and  .Vfz  should  he  taken  into  account. 


This  paper  studies  deriving  P(0\f  1  &(M  ,vM2)).  Note 
that  if  I  can  derive  rules  for  combining  likelihoods  for  two 
different  models  then  by  applying  the  combination  rules  N 
times,  N  likelihoods  are  combined.  Thus  all  that  is  needed 
is  combination  rules  for  two  models 

3.  Combining  Likelihoods  From  Different 
Models 

To  combine  likelihoods  derived  under  Mx  and  M2  an 
examination  of  the  structure  and  interaction  of  the  two 
models  is  necessary.  Mx  and  M2  must  have  the  same 
definition  for  the  feature  being  detected.  If  the  feature  is 
defined  differently  for  M\  and  M2  then  M,  and  Af2  are  about 
different  events,  and  the  likelihoods  can  not  be  combined 
with  the  techniques  developed  in  this  section. 

Thus  the  likelihood  generated  by  an  occlusion  boundary 
detector  can  not  be  combined  with  the  likelihood  generated 
by  a  detector  for  boundaries  within  the  image  of  an  object  ( 
such  as  comers  internal  to  the  image)  A  detector  of  the 
likelihood  of  heads  on  a  coin  flip  can  not  be  combined  with  a 
detector  of  the  likelihood  of  rain  outside  using  this  theory. 
(However  easy  it  may  be  using  standard  probability  theory.) 


3.1.  Combining  Two  Likelihoods 

The  formula  for  combining  the  likelihoods  generated 
under  Mx  and  M2  requires  prior  knowledge.  Necessary  are 
the  prior  probabilities  P<M{\  and  P(M2)  that  the  domain 
models  M,  and  M2  are  correct  as  well  as  P(MX&M2).  Often 
P(Mx&M2)  =  0.  When  this  occurs  the  two  models  contradict 
each  other.  I  call  two  such  models  disjoint  because  both  can 
not  describe  the  situation  simultaneously.  If  Mx  is  a  model 
with  noise  of  standard  deviation  is  4  +  e  and  M2  is  a  model 
with  noise  of  standard  deviation  8  +  e  then  their  assumptions 
contradict  and  P(M  X&M2)  =  0. 

Prior  probabilities  for  the  feature  labels  under  each 
model  (P(f-l\M  x)  and  P(f=l\M  2)>  are  necessary.  If 
P(M  X&M2)#0  then  the  prior  probability  of  the  feature  label 
under  the  conjunction  of  Mx  and  M2  (P(f=l\M  X&M2))  and 
the  output  of  a  likelihood  generator  for  the  conjunction  of  the 
two  models  (P(0\f=l&(M  X&M2)))  are  needed.  If  I  have  this 
prior  information  I  can  derive  P(0\f=l&{M  x\lM2)). 

If  I  were  to  combine  another  model,  M3,  with  tbis 
combination  I  need  the  pnors  PiM3),  P(f\M  3), 
P(M3&(MXVM2)  and  P(f\M  3&(M xmM2)).  To  add  on  another 
mode  I  need  another  4  priors.  Thus  tbe  numher  of  prior 
probabilities  to  combine  n  models  is  linear  in  n. 

Thus  all  that  is  left  is  to  derive  the  combination  rule 
for  likelihood  generators  given  tbis  prior  information.  The 
derivation  starts  by  applying  the  definition  of  conditional 
probability  in  equation  2. 


P(0\f  1&(M  ,vAf2)> 


PiO&f  1&(M  x\iM2)) 
P(f=l&  (M  x\iM2)) 


(2) 


Tbe  formula  for  probability  of  a  disjunction  is  applied  to  the 
numerator  and  denominator  in  equation  3 


P(0\f=l&(M  x\jM2))  = 


PtO&f  l&M  ]) 

+ 

PiO&f  l&M  2 ) 

P{0&f  l&M  X&M2) 

Plf  l&M  | ) 

+ 

Pi/-  1&M2) 

Plf=  l&M  |&A/2) 


(3) 


In  equation  4  the  definition  of  conditional  probability  is 
applied  again  to  the  terms  of  the  numerator  and  the 
denominator. 


P(0\f=l&M  [) 
P(f=l\M  X)P(MX) 
+ 

P(0\f=l&M  2) 
P(f  l\M2)P(M2 ) 


P{0\f=l&(M  x\iM2)) 


P(0\f  M&M  X&M2) 
P(f=l\M  x&Mx)PiMx&M2) 

P(f=l\M  i )P(MX) 

+ 

P(f=l\M  2)P(M2) 
P{f=l\M  X&M2)P(MX&M2) 


Different  assumptions  allow  different  simplifications  to 
be  applied  to  the  rule  in  equation  4.  If  tbe  two  models  are 
disjoin*,  equation  4  reduces  to  equation  5. 


P(0\f~l&(M  xmM2)) 


P(0\f—l&M  x)P(f=l\M  ,)P(M,) 
+ 

P(0\f=l&M  2)P(f=l\M  2)P(M2) 

P(f=l\M  X)P(M ,) 

+ 

P(f—l\M  2)P(M2) 


Another  assumption  that  simplifies  things  considerably  is 
the  assumption  that  prior  probabilities  for  all  feature 
labelings  in  all  the  models  and  combinations  thereof  are  the 
same.  I  call  this  assumption  constancy  of  priors.  When 
constancy  of  priors  is  assumed 

P(f=l\M  |)  =  P(f=l\M  2)  —  P(f—l\M  \&M2).  Making  tbis 
assumption  reduces  the  number  of  priors  that  need  to  be 
determined.  Since  determining  prior  probabilities  from  a 
model  is  sometimes  a  difficult  task  the  constancy  of  priors  is 
a  useful  si  ml  cation.  With  constancy  of  priors  equation  4 
reduces  to  equation  6. 


P(0\f=l&(M  \\/M2)) 


P'0\f --l&M  X)P(MX) 

+ 

P(0\f^l&M  2)P(M2) 

P(0\f -l&M  X&M2)P(M  X&M2) 
PWO+pTm \)-P(M  i&M2) 


P\0\f~  1&(M  ,vAf2» 


PtO\f-!& M  X)P(MX) 
.  + 

\P(0\f  l&M  2)P(M2) 

PiMp  +  P(M2) 
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Thus  equation  7  describes  the  likelihood  combination  rule 
with  disjoint  models  and  constancy  of  priors. 

3.2.  Understanding  the  Likelihood 
Combination  Rule 

The  easiest  incarnation  of  the  likelihood  combination 
rule  to  understand  is  the  rule  for  combining  likelihoods  from 
disjoint  models  given  constancy  of  priors  across  models 
(equation  7).  Here  the  combined  bkelihood  is  the  weighted 
average  of  the  likelihoods  from  the  individual  models 
weighted  by  the  probabilities  of  the  models  applying  (The 
combined  likelihood  is  the  likelihood  given  the  disjunction  of 
the  models). 

If  models  M \  aDd  M2  are  considered  equally  probable 
and  the  likelihoods  returned  by  M{  s  detector  are 
considerably  larger  than  those  of  M2'&  detector  then  the 
probabilities  determined  from  the  combination  of  M\  and  M2 
are  close  to  those  determined  from  M\.  Thus  a  model  with 
large  likelihoods  determines  the  probabilities  To  illustrate 
this  principle  consider  an  example. 

Assume  that  a  coin  has  been  flipped  n  + 1  times  The 
results  of  flipping  it  has  been  reported  for  the  first  n  times. 
The  task  is  to  determine  the  probability  of  heads  having 
been  the  result  of  the  n+l“  flip  Consider  the  results  of 
each  coin  flip  independent.  Let  M\  be  the  coin  being  fair  so 
that  the  probability  of  heads  and  tails  is  equal.  Let  M2  be 
that  the  coin  is  biased  with  the  probability  of  heads  is  n  and 
tails  1-w  with  tt  being  a  random  choice  with  equal 
probability  between  p  and  1  -p.  Hence  the  coin  is  biased 
towards  heads  or  tails  with  equal  probability  but  the  bias  is 
consistent  between  coin  tosses.  The  probability  of  heads 
remains  the  same  for  all  coin  tosses  in  both  models.  M\  and 
M2  are  disjoint  (the  coin  is  either  fair  or  it  isn’t  but  not  both) 
and  the  prior  probability  of  a  flip  being  heads  or  tail  is  the 
same  for  both,  .5. 

Under  Mv  the  probability  of  each  of  the  possible  flips  of 
n  +  1  coins  is  Under  M2  the  probability  of  n  + 1  flips 

of  coins  with  h  heads  and  t  =  n  +  l-  h  tails  is: 

4pha-p),  +  tr,'l-p)h 

Let  .•  =2  and  p  .9.  f  •*».;.  v-  the  first  ,w.j  dips  are  both 

heads.  Let  H  be  "the.  third  ip  was  heads”  and  T  be  the 

third  flip  was  tails.”  The  likelihood  of  H  given  the  observed 
data  is  the  probability  of  all  3  flips  heing  heads  divided  by 
the  probability  of  the  third  flip  being  heads.  The  likelihood 
of  T  given  the  observed  data  is  the  probability  of  the  first  2 
being  heads  and  the  3rd  tails  divided  by  the  probability  of 
the  third  flip  being  tails. 

Under  A/,  the  probability  of  all  3  flips  being  heads  is 
0.125  and  the  probability  of  a  flip  being  heads  is  0.5  thus  the 

likelihood  of  H  is  0.25.  The  likelihood  of  T  is  0.25  by  the 

same  reasoning  Applying  Bayes’  law  to  get  the  probability 
of  H  under  Mi  one  derives  a  probability  of  .5 

Under  Af2  the  probability  of  all  3  flips  being  heads  is 
0.365  and  the  probability  of  a  flip  being  heads  is  0.5.  Thus 
the  likelihood  of  H  is  0  73  Under  Af2  the  probability  of  the 
first  two  being  heads  and  the  third  being  tails  is  0.045  and 
the  probability  of  a  flip  being  tails  is  0.5.  Thus  the 


likelihood  of  T  is  0.09.  Applying  Bayes  law  under  M2  a 
probability  of  H  being  0.89  is  derived 

If  Mi  and  M2  are  considered  equally  probable  then  the 
combination  of  the  likelihoods  from  the  two  models  is  the 
average  of  the  two  likelihoods.  Thus  the  likelihood  of  H  for 
this  combination  is  0.49  and  the  likelihood  of  T  is  0.17 
(likelihoods  don’t  have  to  sum  to  1).  Bayes’  law  comhines 
these  probabilities  to  get  0  74  for  the  3rd  flip  to  be  heads. 

The  table  in  figure  1  describes  combining  various  Af2  s 
with  different  values  of  p  with  M j  for  the  different 
combinations  with  n  =  4 

Look  at  the  probabilities  with  p  =  .9  and  the  observed 
data  is  HHHH.  For  this  case  the  observed  data  fits  M2  much 
better  than  Mt  and  the  probability  from  combining  M\  and 
M2  is  close  to  the  probability  resulting  from  using  just  M2, 
.9.  If  we  had  a  longer  run  of  heads  the  probability  of  future 
heads  would  approach  exactly  Af2’s  prediction,  .9.  On  the 
other  hand  if  we  had  a  long  run  of  equal  numbers  of  heads 
and  tails  the  probability  of  future  heads  would  quickly 
approach  the  prediction  of  Mi,  .5.  When  the  observed  data  is 
HHHT  the  observed  data  fits  M ,  about  as  well  as  M2  and  the 
resulting  probability  is  near  the  average  of  .5  predicted  by 
M |  and  0.8902  predicted  by  M2.  Thus  when  the  observed 
data  is  a  good  fit  for  a  particular  model  (like  M2)  the 
probabilities  predicted  by  the  combination  is  close  to  the 
probabilities  predicted  by  the  fitted  model.  If  two  models  fit 
about  equally  then  the  result  is  an  average  of  the 
probabilities  *. 

4.  Results 

I  have  applied  this  evidence  combination  to  the 
boundary  detection  likelihood  generators  described  in 
[Sher87],  Here  I  prove  my  claims  that  the  evidence 
combination  theory  allows  me  to  take  a  set  of  algorithms 
that  are  effective  but  not  robust  and  derive  an  algorithm 
that  is  robust.  The  output  of  such  an  algorithm  is  almost  as 
good  as  the  best  of  its  constituents  (the  algorithms  that  are 
combined). 

4.1.  Artificial  Images 

Artificial  images  were  used  to  test  the  algorithms 
described  in  section  3  quantitatively.  I  used  as  a  source  of 
likelihoods  the  routines  described  in  [Sher87].  Because  the 
positions  of  the  boundaries  in  an  artificial  image  are  known 
one  can  accurately  measure  false  positive  and  negative  rates 
for  different  operators.  Also  one  can  construct  artificial 
images  to  precise  specifications.  The  artificial  images  I  use 
is  an  image  composed  of  overlapping  circles  with  constant 
intensity  and  aliasing  at  the  boundaries  shown  in  figure  2. 


'However  the  feature  that  the  decision  theory  predicts  is  not  the  aver¬ 
age  of  the  featurcB  predicted  under  the  two  different  models  in  general 
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Figure  1: 

Result  of  likelihood  combination 

Rule 

a;  Image  with  stdev  12  noise  h:  Output  of  stdev  12  detector  a:  Image  with  stdev  12  noise  b:  Output  of  combined  detector 

Figure  4:  Stdev  12  detector  applied  to  2  image  with  stdev  12  noise  Figure  5:  Combined  detector  applied  to  2  image  with  stdev  12  noise 


The  intensities  of  the  circles  were  selected  from  a  uniform 
distribution  from  0  to  254.  To  the  circles  were  added 
normally  distributed  uncorrelated  noise  with  standard 
deviations  4,  8,  12,  16,  20,  and  32.  The  software  to  generate 
images  of  this  form  was  built  hy  Myra  Van  Inwegen  working 
under  my  direction  This  software  will  be  described  in  an 
upcoming  technical  report. 

In  figure  3  I  show  the  result  of  applying  the  detector 
tuned  to  standard  deviation  4  noise  to  the  artificial  image 


with  standard  deviation  12  noise  added  to  it.  In  figure  4  I 
show  the  result  of  applying  the  detector  tuned  to  standard 
deviation  12  noise  to  an  image  with  standard  deviation  12 
noiso  added  to  it.  In  figure  5  I  show  the  result  of  applying 
the  combination  of  the  detectors  tuned  to  4,  8,  12,  and  16 
standard  deviation  noise.  The  combination  rule  was  that  for 
disjoint  models  with  the  same  priors.  The  4  models  were 
combined  with  equal  probability.  These  operator  outputs  are 
thresholded  at  0.5  probability  with  black  indicating  an  edge 
and  white  indicating  no  edge. 
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Figure  6:  Total  errorv  by  the  stdev  4  detector 
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Figure  7:  Total  errors  by  the  stdev  12  detector 
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Figure  8:  Total  errors  by  the  tuned  detector 

Note  that  the  result  of  using  the  combined  operator  is 
similar  to  that  of  the  operator  tuned  to  the  correct  noise 
level.  Most  of  the  false  boundaries  found  by  the  stdev  4 
operator  are  Ignored  hy  the  combined  operator 

Using  this  artificial  image  I  have  acquired  statistics 
about  the  behavior  of  the  combined  detector  vs  the  tuned 
ones  under  varying  levels  of  noise  I  have  charted  the  total 
error  rate  for  the  artificial  image  in  figure  2  with  normally 
distributed  spacially  independent  noise  with  increasing 
standard  deviation.  Figure  6  shows  the  error  rate  for  a 
detector  tuned  to  standard  deviation  4  noise  as  the  noise  in 
the  image  increases.  Figure  7  shows  the  error  rate  for  a 
standard  deviation  12  operator  Figure  8  shows  the  error 
rate  for  an  operator  tuned  to  the  current  standard  deviation 
of  the  noise.  Figure  9  shows  the  error  rate  of  the  detector 
that  is  the  combination  of  the  detectors  tuned  to  a  standard 
deviation  of  4,  8,  12  and  16  using  the  rule  for  combining 
disjoint  models  witht  the  same  priors  for  the  feature  'since 
the  probability  of  a  boundary  is  unaffected  hy  the  noise  level 
of  the  sensor).  Figure  10  shows  the  superposition  of  the  4 
previous  graphs. 


Figure  9:  Total  errors  by  the  combined  detector 
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The  error  rate  for  the  corahined  operator  is  always 
nearly  as  low  as  that  of  the  tuned  operator  (shown  as 
triangles).  It  is  lower  than  the  standard  deviation  12 
operator  when  the  noise  is  low  and  lower  than  the  standard 
devation  4  operator  when  the  noise  is  high.  These  results 
are  evidence  that  my  combination  rule  is  rohust. 

4.2.  Real  Images 

I  have  also  tested  these  theories  using  two  images 
taken  hy  cameras.  One  of  these  images  is  a  tinker  toy  image 
taken  in  our  lah  The  other  is  an  aerial  image  of  the  vicinity 
of  Lake  Ontario.  Figure  11  shows  the  result  of  the  operator 
tuned  to  standard  deviation  4  noise  applied  to  the  tinker  toy 
image  and  thresholded  at  0.5  prohahility.  Figure  12  shows 
the  result  of  the  operator  tuned  to  standard  deviation  12 
noise  applied  to  the  tinker  toy  image.  Figure  13  shows  the 
effect  of  corahining  operators  tuned  to  standard  deviation  4, 
8,  12  and  16  with  equal  prohahility. 
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Here,  the  result  of  the  comhined  operator  seems  to  he  a 
cleaned  up  version  of  the  standard  deviation  4  operator 
Most  of  the  features  that  are  represented  in  the  output  of  the 
combined  operator  are  however  real  features  of  the  scene 
The  line  runing  horizontally  across  the  image  that  the 
standard  deviation  4  operator  and  the  comhined  operator 
found  is  the  place  where  the  tahle  meets  the  curtain  behind 
the  tinkertoy.  The  standard  deviation  4  operator  was  certain 
of  its  interpretation  and  the  other  operators  were  uncertain 
at  that  point  so  its  interpretation  was  used  hy  the 
combination. 

The  results  from  the  aerial  image  are  also  instructive 
Figure  14  shows  the  result  of  the  operator  tuned  to  standard 
deviation  4  noise  applied  to  the  aenal  image  and  thresholded 
at  0.5  prohahility.  Figure  15  shows  the  result  of  the  operator 
tuned  to  standard  deviation  12  noise  applied  to  the  aerial 
image.  Figure  16  shows  the  effect  of  comhining  operators 
tuned  to  standard  deviation  4,  8,  12  and  16  with  equal 
prohahility. 
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a.  Tinkertoy  Image  h:  Output  of  stdev  4  detector 

Figure  11.  Stdev  4  detector  applied  to  tinkertoy  image 


chick. Iff 


ch1ck.nat_edge,144,5x5, .7, . 


a:  Tinkertoy  Image  b  Output  of  stdev  12  detector 

Figure  12:  Stdev  12  detector  applied  to  tinkertoy  image 
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a:  Aenal  Image  h:  Output  of  stdev  4  detector 

Figure  14:  Stdev  4  detector  applied  to  aerial  image 


a:  Aerial  Image  h  Output  of  stdev  12  detector 

Figure  15:  Stdev  12  detector  applied  to  aerial  image 


a  Tinkertoy  Image  h:  Output  of  combined  detector 

Figure  13:  Combined  detector  applied  to  tinkertoy  image 
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a  Aerial  Image  b  Output  of  combined  detector 

Figure  16:  Combined  detector  applied  to  aerial  image 

The  results  from  the  combined  operator  are  again  a 
cleaned  up  version  of  the  results  from  the  standard  deviation 
4  operator.  1  believe  this  behavior  occurs  again  because  the 
features  being  found  by  the  standard  deviatio.i  4  operator 
are  in  the  scene  Howeve.  1  do  not  have  the  intimate 
knowledge  of  the  aerial  image  that  I  do  of  the  tinkertoy 
image 

4.3.  Future  Experiments 

Soon,  I  will  apply  my  evidence  combination  rules  to 
operators  that  make  different  assumptions  ahout  the 
expected  image  bistogTam.  The  operator  used  so  far  in  my 
experiments  expects  a  uniform  histogram  between  0  and  254. 
Currently,  a  likelihood  generator  has  been  built  that 

assumes  a  tiiangular  distribution  with  the  probability  of  an 
object  having  intensity  less  than  128  being  one  fourth  the 
probability  of  an  object  having  intensity  greater  than  or 
equal  to  128.  It  is  not  clear  that  the  probabilities  calculated 
based  on  this  assumption  will  be  significantly  different  from 
those  based  on  the  uniform  histogram  assumption  If  there 
is  no  difference  in  the  output  of  two  operators  the  effect  of 
combination  is  invisible. 

Larger  operators  will  soon  be  available  The 

likelihoods  generated  based  on  these  larger  operators  would 
be  finely  tuned  The  same  evidence  combination  can  be 
applied  to  these  operators 

Likelihoods  are  used  by  Markov  random  field 
algorithms  to  determine  posterior  probabilities 
[Marroquin85a]  [Cbou87],  Likelihoods  resulting  from  my 
combination  rules  can  be  used  by  Markov  random  field 
algorithms. 

5.  Previous  Work 

Much  of  the  work  on  evidence  and  evidence 
combination  and  vision  has  been  on  high  level  vision  An 
important  Bayesian  approach  land  a  motivation  for  my 
work)  was  by  Feldman  and  Yakimovsky  [Feldman74  In 
this  work  Feldman  and  Yakimovsky  were  studying  region 
merging  based  on  high  level  constraints.  They  first  tried  to 
find  a  probability  distribution  over  the  labels  of  a  region 
using  its  characteristics  such  as  mean  color  or  texture  They 
then  tried  to  improve  these  distributions  using  labelings  for 


the  neighbors.  Then  they  marie  merge  decisions  based  on 
whether  it  was  sufficiently  probable  that  two  adjacent 
regions  were  the  same 

Work  with  a  similar  flavor  has  been  done  by  Hanson 
and  Riseman  In  IIIanson80]  Bayesian  theories  are  applied 
to  edge  relaxation  This  work  had  serious  problems  with  its 
models  and  the  fact  that  the  initial  probabilities  input  were 
edge  strengths  normalized  nevei  to  exceed  1.  Of  course  such 
edge  strengths  have  little  relationship  to  probabilities  (a 
good  edge  detector  tries  to  be  monotonic  in  its  output  with 
probability  but  that  is  about  as  far  as  it  gets).  In 
[Wesley82a '  and  [Wesley82b]  Dempster-Sbafer  evidence 
theory  >s  used  to  model  and  understand  high  level  problems 
in  vision  especially  region  labeling  In  [Wesley82b]  there  is 
some  informed  criticism  of  Bayesian  approaches.  In 
[Reynolds85]  They  study  bow  one  convert"  low  level  feature 
values  into  input  for  a  Dempster-Sbafer  evidence  system 

There  has  been  much  use  of  likelihoods  in  recent  vision 
work.  In  particular  work  based  on  Markov  random  fields 
[Geman84]  [Marroouin85b]  [Marr  >quin85a]  use  likelihoods. 
A  Markov  random  fielu  is  a  prior  probability  distribution  for 
some  feature  of  an  image  and  the  likelihoods  are  used  to 
compute  the  marginal  posterior  probabilities  that  are  used  to 
update  the  field.  Haralick  has  mentioned  that  his  facet 
model  [Haralick84]  [Haralick86b]  can  be  easily  used  to  build 
edge  detectors  that  return  likelihoods  [Haralick86a|  1  also 
have  built  boundary  detectors  that  return  likelihoods  and 
the  results  of  using  them  is  documented  in  [Sher87],  Paul 
Chou  is  using  the  likelihoods  I  produce  with  Markov  random 
fields  for  edge  relaxation  [Cbou87],  He  is  also  studying  the 
uoe  of  likelihoods  for  information  fusion.  Currently,  he  is 
concentrating  on  information  fusion  from  different  sources  of 
information. 

6.  Conclusion 

I  have  presented  a  Bayesian  technique  for  information 
fusion.  I  show  how  to  fuse  information  from  detectors  with 
different  models.  I  presented  results  from  applying  these 
techniques  to  artificial  and  real  images. 

These  techniques  take  several  operators  that  are  tuned 
to  work  well  when  the  scene  has  certain  particular 
properties  and  get  an  algorithm  that  works  almost  as  well  as 
the  best  of  the  operators  being  combined  Since  most 
algorithms  available  for  machine  vision  are  erratic  when 
their  assumptions  are  violated  this  work  can  be  used  to 
improve  the  robustness  of  many  algorithms. 
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ABSTRACT 


This  paper  develops  a  new  approach,  based  on  Bayesian 
probability  theory,  to  combine  information  from  various 
sources  for  image  segmentation  In  this  approach,  the 
observahle  evidence  and  prior  knowledge  arc  separately 
modeled  due  to  their  distinct  characteristics.  A  set  of  early 
visual  modules  provide  opinions  about  individual  image 
elements  based  on  disparate  sources  of  image  observations. 
Their  opinions  arc  combined  coherently  and  consistently 
through  a  hierarchically  structured  knowledge  tree.  The  prior 
knowledge  about  spatial  interactions  of  the  image  features  is 
modeled  by  using  Markov  Random  Fields.  This  approach 
constantly  maintains  the  a  posteriori  probabilities  of 
sementations  resulting  from  combining  the  prior  knowledge 
and  the  available  opinions.  The  probabilistic  justification  for 
this  approach  is  provided.  A  set  of  t  xperimentul  results  using 
synthetic  input  and  a  stochastic  relaxation  estimation 
procedure  demonstrates  some  of  the  advantages  of  this 
approach. 

0.  Background  and  Motivation 

An  important  aspect  of  computer  vision  is  to  infer  a 
representation  of  a  three  dimensional  scene  from  two  dimen¬ 
sional  projections  yielding  features  like  shadows,  stereo 
disparities,  texture,  and  optical  flow  all  corrupted  by  noise. 
The  problem  is  ill-posed  given  only  the  input  projections  and 
the  characteristics  of  the  imaging  devices.  Therefore,  com 
puter  vision  research  does  not  just  study  the  geometry  and 
the  photometry  of  the  cameras,  hut  also  relies  on  scene 
modeling  (prior  knowledge:  and  mechanisms  for  integrating 
the  scene  models  with  the  input  observations  to  make  3D 
inferences  possihle 

A  major  portion  of  computer  vision  research  for  the 
past  decade  has  been  devoted  to  the  so-called  intrinsic  image 
computations  [Barrow  &  Tenenhaum,  78«Marr,  821.  The 
emphasis  of  these  efforts  is  on  the  relations  hetween  scene 
parameters  and  individual  image  featuri  eg  shape-froin 
shading  and  shape- froin-contoursl  Due  to  the  ill  posed 


nature  of  each  problem,  most  of  them  assume  that  the 
images  have  been  already  segmented  into  "homogeneous" 
regions  so  that  they  can  apply  some  global  assumptions 
(prior  knowledge)  to  regularize  their  computations  [Ikeuchi 
and  Horn,  81]  [Grim.son,  81]  [Terzopoulos,  86],  The  global 
assumptions  imposed  by  different  computational  modules 
imposed  may  be  inconsistent,  so  it  is  not  obvious  how  to  com¬ 
bine  their  results  coherently 

We  propose  a  new  approach,  based  on  Bayesian  proba¬ 
bility  theory,  for  integrating  information  from  various 
sources.  It  consistently  and  coherently  combines  the  opinions 
of  ihe  early  modules  and  updates  the  probabilities  of  the 
image  features  accordingly.  Each  of  the  early  visual 
modules  acts  as  an  expert  on  a  set  of  hypotheses  in  a 
hierarchical  knowledge  structure  H  that  relates  individual 
image  elements.  The  prior  knowledge  about  the  spatial 
interactions  of  the  image  features  is  modeled  as  Markov 
Random  Fields.  This  approach  is  useful  for  the  image  seg¬ 
mentation  problem,  and  can  he  extended  to  solve  other  sig¬ 
nal  estimation  problems  as  well. 

The  Bayesian  formalism  is  widely  used  as  a  tool  for 
updating  "belief1  as  new  information  is  acknowledged  Bolles 
uses  a  set  of  probabilistic  feature  detectors  to  look  for  certain 
ohjects  in  the  image  [Bolles,  77].  Witkin  uses  the  Bayesian 
estimation  paradigm  to  estimate  the  orientation  of  a  tex¬ 
tured  plane  [Witkin,  81).  [Feldman  and  Yakimovsky,  74] 
[Geman  and  Genian,  84]  [Marroquin,  85]  [Elliott  and  Derin, 
84]  use  it  to  solve  the  segmentation  problem.  In  [Bolle  and 
Cooper,  84],  a  Bayesian  classifier  is  developed  to  estimate 
the  underlying  surface  types  of  image  regions.  A  class  of 
research  known  as  Probabilistic  Relaxation  [Rosenfeld  et  al  , 
76]  [Shvayster  and  Peleg,  85]  [Hummel  and  Zucker,  83],  was 
also  inspired  by  the  Bnvesian  formalism.  It  interprets  spa 
tial  knowledge  as  statistical  quantities  related  to  the  condi 
tional  probabilities,  correlations,  or  compatibility  among 
neighboring  elements,  and  develops  updating  rules  to  incor 
porate  contextual  nformation 

What  is  lacking  in  the  previous  work,  however  is  a 
uniform  fusion  mechanism  to  integrate  disparate  visual 
information  in  a  probabilistically  justifiable  manner. 

A  visual  module  could  provide  opinions  on  any  mu*u 
ally  exclusive  set  of  labels  in  the  hierarchical  knowledge  tree 
H.  We  shall  develop  an  evidence  aggregation  method  that 
combines  consistently  and  coherently  the  opinions  of  the 
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visual  modules  ou  a  label  tree.  This  method,  based  on  the 
reasoning  proposed  in  [Pearl,  86],  follows  the  Bayesian  for¬ 
malism,  It  d  #  not  require  any  knowledge  of  prior  probabil¬ 
ities  It  ret  es  only  trivial  computations,  With  this 
method  we  are  able  to  design  individual  experts  for  a  subset 
of  labels  of  the  tree  without  having  to  know  about  the  rest  of 
the  world.  The  combined  opinion  can  thus  be  fused  with  the 
image  knowledge  represented  by  the  a  priori  probabilistic 
distributions. 

In  Section  1,  we  define  the  segmentation  problem  and 
describe  the  representations  for  prior  knowledge  and  the 
opinions  from  early  modules.  In  Section  2,  we  discuss  how  to 
encode  the  prior  knowledge  as  Markov  Random  Fields.  The 
method  for  combining  opinions  of  the  early  modules  and  its 
probabilistic  justification  are  presented  in  Section  3.  Section 
4  shows  the  computations  for  the  a  posteriori  probabilities. 
Illustrative  experimental  results  are  shown  in  Section  5. 

1.  A  Probabilistic  View  of  the  Image  Segmentation 
Problem 

Represent  an  image  as  a  set  of  primitive  elements  S  = 
{s !  s2,  ...  ,  S;v}.  A  segmentation  u  of  the  image  with  respect 
to  a  label  set  L  =  l2 ,  ■  ■  ■  ,  Iq]  is  a  mapping  from  S  to  L. 
Let  <j,  =  €L  represent  the  label  attached  to  s,  in  seg¬ 

mentation  to.  Let  Q  be  the  set  of  all  segmentations.  The 
image  segmentation  problem  with  respect  to  L  can  be  loosely 
described  as  to  find  the  u  (  fl  that  "best  fits"  the  informa¬ 
tion  collected  subject  to  the  limitation  of  the  computational 
resources.  This  section  describes  the  uses  of  probability  as 
the  representation  for  various  kinds  of  information  and  the 
corresponding  criteria  for  finding  the  "best  fit". 

It  is  frequently  desirable  to  organize  segmentation 
labels  as  a  hierarchical  tree.  Figure  1  shows  one  example  of 
such  trees.  Each  internal  node  in  a  tree  of  labels  represents 
the  disjunction  of  its  sons.  Each  cross-section  is  a  mutually 
exclusive  and  exhaustive  label  set;  i.e.,  a  segmentation  prob¬ 
lem  can  be  defined  with  respect  to  a  cross-section  in  a  label 
tree.  Using  such  a  tree,  we  can  represent  a  particular  piece 
of  knowledge  about  the  labels  at  whatever  level  of  abstrac¬ 
tion  that  is  appropriate.  For  the  rest  of  the  paper,  we  use  L 
to  denote  a  set  of  mutually  exclusive  and  exhaustive  set  of 
labels  in  a  label  tree  H. 


An  example  of  label  trees 

The  srm.nlic.  ofthelebeli  P  primitive  element,  E  edge.  R  region,  PE  photometries!  edge,  GE  geometriml 
edge,  PH  photometricel  region,  CR  geometrical  region,  TE  texture  edge.  HE  highlight  edge.  5E  ehedow  edge, 
OE  ortenUuon  edge,  DE  depth  edge.  HI  highlight  region.  SH  .  ehedow  region.  PI.  pl.ner  region.  SP  epheric.l 
region. 


1.1.  Global  Prior  Knowledge 

Let  X  =  {X,,  sfS}  be  a  set  of  random  variables  indexed 
by  S,  with  X,6L  for  all  s.  A  segmentation  can  be  considered 
a  realization,  or  a  configuration,  of  this  random  field  and  Q 
can  be  considered  the  configuration  Bpace  of  X.  Ideally  the 
prior  knowledge  about  Q  can  be  represented  by  a  probability 
distribution  over  Q.  In  practice  this  distribution  is  either 
unobtainable  or  unmanageable  due  to  the  immense  size  fQv) 
of  the  sample  space.  In  many  image  understanding  applica¬ 
tions,  however,  some  restricted  clasBeB  of  distributions  can 
model  the  image  adequately  due  to  the  local  behavior  of  the 
image  phenomena.  In  thiB  paper,  we  will  exclusively  use 
Markov  Random  Fields  (MRFsl  as  the  a  priori  models  for  Q, 
but  the  work  illustrated  here  can  be  extended  to  other 
image  models  as  well.  Section  2  will  discusB  the  MRF  model 
in  detail. 

1.2.  Local  Visual  Observations 

We  model  early  visual  computations  as  the  computa¬ 
tions  performed  by  a  set  of  independent  modules  The  input 
for  these  modules  is  noise-corrupted  visual  data,  such  as 
image  irradiance,  texture,  stereo  disparities,  etc  When 
making  an  opinion  about  image  element  s,  a  module  may 
restrict  its  consideration  of  input  to  some  spatial  region 
dependent  on  s.  Typically,  the  region  will  include  s  and  itB 
spatially  adjacent  elements.  Also,  a  module  might  not  use 
all  the  input  available  for  a  given  element,  that  is,  it  might 
use  only  irradiance  when  other  data  are  also  available.  The 
subset  of  input  used  to  make  an  opinion  about  element  s  is 
observation  0,. 

In  our  treatment,  the  opinions  of  the  modules  are 
presented  in  terms  of  likelihood  ratios.  For  example,  module 
A  is  an  expert  on  the  label  set  L^  =  CL.  After  observ¬ 
ing  0„  the  module  reports  one  likelihood  ratio  for  each  label 
in  LA.  A  likelihood  ratio  is  the  probability  of  the  observation 
given  that  one  label  truly  applies  divided  by  the  probability 
of  the  observation  should  none  of  the  labels  in  L^  apply.  For 
example,  the  likelihood  ratio  reported  for  label  l,  is: 

XA  _  _  ^0.|1.) 

A‘  PfO.HU^  (10) 

'“a 

Note  that  we  define  P(0|  ->(  U  /))  to  be  1  when  lA  is 

,(La 

exhaustive.  The  methods  for  designing  such  modules  are 
well  known.  Interested  readers  can  consult  [Bolles,  77]  and 
[Sher,  87], 

For  a  purpose  that  will  soon  become  clear,  we  impose 

the  following  assumption  of  conditional  independence 

between  spatially  distinct  observations. 

pio'iiU)  =  (l.D 

where  the  superscript  A  indicates  the  observations  of  the 
module  A.  This  assumption  has  been  used  implicitly  in 
numerous  applications  and  is  valid  whenever  the  noise 
processes  are  spatially  independent  Derin  and  1  ole, 
86][Marroquin,  85]. 
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1.3.  Posterior  Probability  and  Bayesian  Estimation 

Following  the  Bayesian  formalism,  the  goodness  of  a 
segmentation  can  be  evaluated  in  terms  of  its  a  posteriori 
expected  loss, 

E(LossHO))  =  2fo»(w/>P(/10)  „  0. 

ft  o 

where  the  P(f\0)  denotes  the  posterior  probability  of  f  given 
the  observation  O.  Bayes’  rule  can  then  be  used  to  derive 
the  a  posteriori  probability 


P(«|0) 


P(u)P(Q\u) 
^P(f)P{0\f) 
ft  a 


(1.3) 


From  (1.1),  observe  that  scaling  all  P(0„|/)  by  a  constant  fac¬ 
tor  for  fixed  s  does  not  change  the  posterior  distribution  in 
(1.3).  This  fact  allows  us  to  combine  the  likelihoods  without 
having  to  normalize  the  results. 


The  choice  for  the  loss  function  depends  on  the  charac¬ 
teristics  of  a  particular  application.  Different  estimation 
algorithms  can  be  designed  according  to  the  different  loss 
functions.  In  [Geman  and  Geman,  84],  the  Maximum  A  Pos¬ 
teriori  (MAP)  estimation  is  used.  A  simulated  annealing  pro¬ 
cedure  with  a  stochastic  sampler  (Gibbs  sampler)  carries  out 
the  computation.  In  [Marroquin,  85],  the  Maximizer  of  the 
Posterior  Marginals  (MPM)  estimation  is  proposed  for  the 
segmentation  problem.  A  Monte  Carlo  procedure  that  uses 
the  Gibbs  sampler  collects  sample  statistics  and  makes  the 
estimation.  Figure  2  is  a  block  diagram  for  a  segmentation 
system  following  the  methodology  proposed  in  this  paper 
This  approach,  computing  the  a  posteriori  probabilities  for 
the  segmentations  given  the  set  of  opinions  from  the  early 
modules  and  the  a  priori  probability  distribution  of  the 
image,  can  support  both  the  MAP  and  MPM  estimation 
methods  as  well  as  other  Bayesian  estimations. 


2.  Markov  Random  Fields 

Markov  Random  Fields  have  been  used  for  image 
modeling  in  many  applications  for  the  past  few  years  [Hass- 
ner  and  Slansky,  80]  [Geman  and  Geman,  84]  [Marroquin 
85]  [Cross  and  Jain,  83]  [Derin  and  Cole,  86],  One  of  the 
most  successful  applications  of  MRFs  is  to  model  the  spatial 
interactions  of  image  features  In  this  section,  we  review  the 
properties  of  MRFs  and  describe  how  to  encode  prior 
knowledge  in  this  formalism  We  refer  the  reader  to  [Kinder 
man  and  Snell,  81]  for  an  extensive  treatment  of  MRFs. 

2.1.  Definition 

Let  X  =  (X,,  sfS]  be  a  set  of  random  variables  indexed 
by  S  and  E  a  set  of  unordered  2-tuple  (s, ,  s;)’s  representing 
the  connections  between  the  elements  in  S  The  set  E 
defines  a  neighborhood  system  N  =  {iV,|sfS},  where  N,  is 
the  neighborhood  of  s  in  the  sense  that 

(l)  s/W,,  and 


(2)  r6JV,  if  and  only  if  (s,  r)£E. 

Let  u  =  (X,  =  to,  sfS]  be  a  configuration  of  X,  to,£L,  and  S2 
the  set  of  all  possible  configurations.  We  say  X  is  a  Markov 
Random  Field  with  respect  to  N  if  and  only  if 

P(X  =  w)  >  0  for  all  tofSI  (2.1) 

PCX,  =  «,|.Xr  =  <jr,r€S,r*s)  =  P(X,  =  u,\Xr  =  u„r(iNa)  (2.2) 

The  conditional  probabilities  in  the  right-hand  side  of 
(2.2)  are  called  the  local  characteristics  that  characterize  the 
random  field.  An  intuitive  interpretation  of  (2.2)  is  that  the 
contextual  information  provided  by  S-s  to  s  is  the  same  as 
the  information  provided  by  the  neighbors  of  s.  Thus  the 
effects  of  members  of  the  field  upon  each  other  is  limited  to 
local  interaction  as  defined  by  the  neighborhood  A  very 
desirable  property  of  MRFs  that  makes  them  attractive  to 
scientists  in  many  disciplines  is  the  MRF-Gibbs  equivalence 
described  in  the  following  theorem. 


2.i.  IviRF-Gibbs  Equivalence 

Hammersley-Clifford  Theorem:  A  random  field  X  is  an 
MRF  with  respect  to  the  neighborhood  system  N  if  and  only 
if 


where 


mu)  =  2X<«) 

etc 


(2.4) 


C  is  the  set  of  totally  connected  subgraphs  (cliques)  with 
respect  to  N.  Z  is  a  normalizing  constant,  so  that  the  proba¬ 
bilities  of  all  realizations  sum  to  one. 


Several  terminologies  from  Physics  can  provide  intui 
tion  about  the  Gibbs  measure  -  the  right-band  side  of  (2.3).  T 
is  the  temperature  of  the  field  that  controls  the  flatness  of 
the  distribution  of  the  configurations.  A  potential  V  is  a  way 
to  assign  a  number  V'c(to)  to  every  subconfiguration  u  of  a 


•o  *, 

; 
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configuration  u,  where  ccC.  C/(ui),  the  sum  of  the  local 
potentials,  is  the  energy  of  the  configuration  u  A  system  is 
in  thermal  equilibrium  when  the  probabilities  of  its 
configurations  follows  the  Gibbs  measure. 

With  the  Hammersley-Clifford  Theorem,  a  MRF  can  he 
characterized  hy  the  potential  function  V  instead  of  the  local 
characteristics.  The  joint  probabilities  of  th  random  vari¬ 
ables  in  X  can  be  computed  by  summing  up  the  local  poten¬ 
tial  assignments  The  local  characteristics  can  be  computed 
from  the  potential  function  through  the  following  relation; 


where  C,  is  the  set  of  cliques  that  contain  s,  and  ui'  is  any 
configuration  of  the  field  that  agrees  with  u  everywhere 
except  possibly  s.  [Geman  and  Geman,  84]  proves  that  by 
using  the  Gihbs  sampler  -  randomly  and  repeatedly  selecting 
configurations  for  each  variable  in  X  according  to  <2.5i,  the 
field  will  reach  thermal  equilibrium  eventually. 


2.3.  Encoding  Prior  Knowledge 

For  the  image  segmentation  problem,  the  goal  is  to 
choose  an  appropriate  neighborhood  system  and  a  potential 
function  for  the  random  field  X  over  the  image  S  to  represent 
our  prior  knowledge  about  the  image  The  neighborhoods 
should  he  large  enough  to  capture  the  interactions  between 
the  primitive  elements  but  still  small  enough  for  a  machine 
to  carry  out  the  computations  required  to  make  an  estima¬ 
tion.  For  a  lattice-structured  image,  four  and  eight- 
connected  neighborhood  systems  are  the  most  commonly 
used  Once  a  neighborhood  system  has  been  decided  ;  the 
potential  function  can  be  estimated,  at  least  in  principle, 
given  a  set  of  realizations  of  the  uncorrupted  image.  Some 
pioneer  work  has  studied  several  statistical  estimation 
methods  for  homogeneous  MRFs  over  lattices  [Cross  and 
Jain,  83]  [Elliott  and  Derin,  84].  We  feel  that  a  general 
theory  for  choosing  the  neighborhood  system  and  the  poten 
tial  function  still  lies  far  ahead  For  now,  we  choose  the 
parameters  for  the  potential  function  to  represent  our  gen¬ 
eral  knowledge  about  the  world  in  an  ad  hoc  way  based  on 
the  following  observation;  The  higher  the  energy  measure  of 
a  configuration,  the  less  likely  it  is  to  occur  We  assign  high 
potential  values  to  those  "improbable"  subconfigurations  over 
cliques  and  low  potentials  to  those  subconfigurations  that  we 
expect  to  see  frequently.  Our  experimental  work  is  showing 
satisfactory  results  (Section  5). 


3.  Comhining  Opinions  of  Early  Visual  Modules 

Most  research  on  evidence  combination  has  focused  on 
updating  the  "belief'  in  a  given  hypothesis  ahout  an  indivi 
dual  element  when  a  piece  of  new  evidence  becomes  avail¬ 
able  [Pearl.  86]  [Shafer  76]  [Reynolds  et  al  ,  86].  This 
approach,  however  is  not  suitable  for  our  purpose.  First  of 


all,  in  our  model  the  prior  knowledge  about  the  image  ele¬ 
ments  is  glohal  and  statistical  -  it  is  their  joint  probability 
distribution  In  contrast,  a  piece  of  evidence  from  local 
observation  hears  directly  upon  an  individual  element.  It  is 
not  computationally  feasible  to  maintain  "marginal  belief' 
for  individual  image  elements  by  summing  the  joint  proba 
bilities  wh  never  a  new  piece  of  evidence  hecomes  available. 
Moreover,  a  piece  of  new  evidence  about  a  particular  element 
influences  the  belief  distributions  of  the  rest  of  elements  We 
believe  that  an  'nforination  fusion  mechanism  should  con¬ 
stantly  maintain  a  representation  of  knowledge  to  reflect  the 
total  information  available,  except  possibly  transient  periods 
of  time  for  agg-egating  evidence  locally.  This  requirement  is 
also  desirable,  it  not  necessary,  for  implementing  vision  sys¬ 
tems  in  distributed  environments.  Maintaining  "marginal 
helief'  requires  the  effects  of  updating  local  "helief'  to  be 
spatially  propagated,  thus  violating  such  a  requirement. 

In  this  seciion,  we  limit  our  attention  to  an  individual 
element  s  of  S.  We  show  how  the  opinions  ahout  s  can  be 
comhmed  and  provide  the  probabilistic  justification  for  the 
proposed  method.  In  Section  4  we  show  how  the  updating  of 
this  joint  prohahihty  distribution  given  a  new  set  of  opinions 
ahout  a  set  of  primitive  elements  can  he  carried  out  with 
simple  operations. 

3.1.  Representations  and  Combination  Rules 

As  in  Pearl's  construction  [Pearl,  86],  we  assume  the 
segmentation  labels  can  he  organized  as  a  hierarchical  tree 
H  <e.g.  Figure  1 1.  Node  /  denotes  the  hypothesis  that  the 
corresponding  primitive  element  is  of  label  /,  i.e.,  X,  =  L 
Each  internal  node  stands  for  the  disjunction  of  its  sons. 
Unlike  other  approaches,  the  numhers  maintained  in  our 
method  do  not  indicate  the  states  of  belief  of  the  hypotheses 
but  rather  the  degrees  of  hypothesis  confirmation  or 
discontinuation  provided  by  the  collected  evidence.  In  partic 
ular  we  do  not  require  an  initial  "belief"  (prior  probability) 
for  each  node  as  required  in  Pearl’s  scheme 

Let  o,  denote  the  current  degree  of 
confirmation  disconfirmation  for  node  /  The  probabilistic 
interpretations  for  the  u's  will  be  given  in  Section  3.2.  Ini¬ 
tially,  u,  is  set  to  unity  for  every  l  indicating  "neither 
confirmed  nor  disconfirined”  Resides  «,  each  internal  node  Z 
keeps  one  value,  icj,  for  each  son  i.  Initially,  »>.  is  set  to  the 
a  prior  probability  of  i  given  /.  Obviously,  the  icj’s  of  each 
node  sum  up  to  unity  initially. 

Suppose  a  module  A  reports  its  opinion  as  a  set  of  likel¬ 
ihood  ratios  [A/'|/t \,A  1  where  IM  is  a  set  of  mutually 
exclusive  labels  contained  in  H  as  described  in  Section  1.2. 
The  corresponding  u's  are  updated  according  to  the  following 
rules 

«,  ,V'i«  for  each  /PL.(  (31) 

To  maintain  the  coherence  of  the  <»  s,  the  effect  of  this  opin¬ 
ion  has  to  be  propagated  throughout  the  label  tree.  The  pro¬ 
pagation  procedure  can  be  described  in  terms  of  message 
passing: 

(1)  Every  node  I.  It  L.,.  sends  a  message,  m  .  to  its 
father  and  each  of  its  sons 


V* ' 


* 


(2)  Any  node  k  that  receives  a  message  m  from  its 
father  passes  m  to  all  its  sons  and  replaces  a*  by 
mak,  that  is, 

ak  <-  A (3.2) 

(3)  Any  node  j  that  eceives  a  message  m  from  one  of  its 
sons  (say  i),  updates  w{  hy  mnrj,  i.e., 

w{  mw{  (3.3) 

and  sends  a  message  m  to  its  fafher,  where 

m'  =  ^  (3.4) 

< 

then  updates  ay  and  all  the  u/’s  according  to 

a,  *-  m'ctj  (3.5a) 

wi 

w{  -  for  all  k  (3.5b) 

m 

where  the  summation  in  (3.4)  is  taken  over  all  the 
sons  of  j. 

It  is  easy  to  see  that  the  combination  and  propagation 
procedures  are  commutative  and  associative,  so  their  order  is 
irrelevant. 

3.2.  Probabilistic  Justification 

The  above  method  fits  in  the  Bayesian  formalism  if  we 
maintain  two  notions  of  conditional  independence.  First,  evi¬ 
dence  0A  that  bears  directly  on  a  lahel  l  says  nothing  about 
the  descendants  of  /: 

P(0A\l,l,)  =  P(0A\l),  l,  descendant  of  /,  (3.6) 


Theorem  1:  Let  a  denote  the  a  value  for  /  at  the  con 
sistent  state  t,  and  PlO,\l)  be  the  probability  of  0,  given  the 
lahel  l,  where  0,  denotes  the  union  of  those  observations 
that  form  the  set  of  opinions  that  derives  the  state  t.  If 
O,  *  0,  then 

aj  =  c,P'0, |/>  for  all  /  6H  (3.8) 

where  c(  is  a  constant  depending  only  on  t,  given  (3.6)  and 

(3.7). 

Due  to  the  limitation  on  the  size  of  this  paper  we  pro 
vide  here  several  keys  for  proving  Theorem  1  instead  of  a 
complete  proof.  The  effect  of  applying  rule  (3.1>  is  to  multiply 
each  lahel  I  in  LA  by  the  likelihood  PiOA\l)  and  labels  in 
-1La  by  P(0 4 1  ->(  (_J /)).  Downward  propagation,  rule  (3.2), 

follows  directly  from  the  conditional  independence  assump¬ 
tions  (3.6),  Upward  propagation,  rule  (3.3)  -  (3.5),  follows 
from  the  fact: 

P{0\1)  -  2P(0|/,)P(/,|/) 


where  l  is  the  conjunction  of  s. 

Applying  Theorem  1  and  Bayes’  rule,  we  have: 

Corollary  1:  Let  «/  denote  the  a  value  for  /  at  the  con¬ 
sistent  state  t.  If  Pa  is  the  prior  p.d.f.  of  a  set  of  mutually 
exclusive  and  exhaustive  labels  L,  then  the  posterior  proba¬ 
bility  P,(l)  of  (6L  at  the  consistent  state  t  is 


Pfi)  = 


a]P  »(/) 

id 


P(0A\~'l,tj)  =  P(0Al~'l)  lj  descendant  of  ->l 

Second,  the  observations  of  different  modules  are  condition¬ 
ally  independent. 

P(0\l)  _  rT  P(0A\l) 

P(0\^l)  *-}p{0A\^l)  '  (3-7) 

where  the  product  on  the  right-hand  side  is  over  a  set  of 
modules  and  O  is  the  union  of  their  observation  O^’s. 

As  suggested  by  Pearl,  (3.6)  states  that  when  the  obser 
vation  0A  is  a  unique  property  of  /,  common  to  all  its  des¬ 
cendants,  once  we  know  l  is  true/false,  the  identity  of  l,  or  /; 
does  not  make  0A  more  or  less  likely  (3.7),  implicitly  used 
in  Pearl’s  scheme,  states  that  each  piece  of  evidence  observed 
by  the  .early  modules  provides  independent  information 
about  a  label.  We  believe  that  the  disparate  types  of  image 
clues  in  vision  applications  satisfy  this  assumption 

We  define  consistent  states  of  a  s  as  the  states  in  which 
for  each  available  opinion,  all  of  the  a’s  are  either  updated 
according  to  rules  (3  1)  -  (3.5),  or  none  of  the  a’s  have  been 
changed  with  respect  to  this  opinion  We  say  that  a  set  of 
opinions  derives  a  consistent  state  if  all  opinions  in  this  set, 
and  no  other  opinions,  have  been  used  to  update  the  a’s. 
The  following  theorem  relates  the  a’s  to  the  likelihood  pro¬ 
babilities  at  consistent  states 


To  summarize:  We  have  developed  an  evidence  combi¬ 
nation  method  for  a  hierarchy  of  hypotheses  based  on  the 
notions  of  conditional  independence  given  by  (3.6)  and  (3.7). 
This  scheme,  besides  having  all  the  characteristics  listed  in 
[Pearl,  86],  has  the  following  advantages: 

(1)  The  computations  involved  are  extremely  simple. 
Simpler  and  fewer  messages  must  be  passed.  Normal¬ 
izations  are  never  needed  since  relative  degrees  of 
confirmation  disconfirmation  are  maintained  instead 
of  probabilities  (Theorem  1). 

(2)  This  scheme  decouples  the  notion  of  evidence  and  a 
priori  helief  That  is  the  evidence  can  be  collected 
and  combined  in  the  absence  of  a  priori  belief  in  a 
probabilistic  formalism  In  the  next  section  we  show 
this  characteristic  is  very  helpful  when  the  prior 
knowledge  is  represented  as  an  MRF. 

4.  Combining  Prior  Knowledge  with  Observations 

In  this  section,  we  move  our  attention  to  the  relation¬ 
ships  of  segments  of  the  image  S  Recall  that  in  the  last  sec¬ 
tion,  each  primitive  element  is  associated  with  a  set  of  a’s  to 
maintain  the  opinions  of  the  early  visual  modules.  Let  p3 
denote  the  set  of  a’s  associated  with  sfS,  and  /?„(/)  be  the  a 
value  for  label  l  in  /?,  Define  a  global  consistent  state  to  be 
a  state  of  the  /?’ s  at  which  each  fi,  is  in  a  consistent  state. 
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Assume  that  the  prior  knowledge  about  the  image  is 
represented  as  an  MRF  X  over  S,  X,(L  -  a  mutually 
exclusive  and  exhaustive  label  set  in  H,  with  respect  to  a 
neighborhood  system  N.  The  Gibbs  measure  that  character¬ 
izes  the  prior  MRF  is: 

y  u0M 


where 


ctC 


Given  (1.1),  Theorem  1,  and  Bayes’  rule,  the  a  posterior 
Gibbs  measure  of  a  configuration  u  at  a  global  consistent 
state  t  can  be  computed  as: 


R,(<o) 


(4.2) 


where  the  a  posteriori  energy  is 

U,(u)  =  2vc(a>)  - 

ciC  «fS 


(4.3) 


It  is  easy  to  see  that  the  a  posteriori  Gibbs  measure 
characterizes  a  MRF  over  S  with  respect  the  neighborhood 
system  N  with  the  local  characteristics: 


P,{X,  -u,\X,  =  ur,r£N,) 


VcM  +  ln(0j(u  )) 

'e(C 

_ e _ _ 

-iS  Vc(u')+ln</J  !<«'» 

2c 


(4.4) 


(4.3)  and  (4.  i)  indicate  that  only  simple  local  operations 
are  needed  to  update  the  energy  measure  and  local  charac¬ 
teristics  as  new  opinions  from  the  early  visual  modules 
become  available.  Therefore,  estimation  methods  depending 
only  upon  these  measures,  such  as  MAP  and  MPM  estima¬ 
tions,  can  easily  be  implemented  in  the  proposed  framework 
(Section  5).  We  believe  that  based  on  this  property,  novel 
estimation  algorithms  can  ultimately  be  designed  that  incre¬ 
mentally  improve  their  estimations  as  more  and  more  infor¬ 
mation  arrives.  For  now,  the  existing  Bayesian  estimation 
methods  can  be  invoked  at  any  global  consistent  state  to  pro¬ 
vide  the  up-to-date  estimations. 


5.  Experimental  Results 

We  demonstrate  the  method  using  two  images  of  over- 
lapping  rectangular  patches.  Each  patch  in  the  first  image 
corresponds  to  a  geometrically  identical  patch  in  the  second. 
The  intensities  of  the  patches  in  each  image  are  randomly 
selected  from  the  range  [0,  255],  with  no  intensity  correla¬ 
tion  between  images.  A  random  number  is  generated  for 
each  pixel  and  is  added  to  its  intensity  value  to  simulate  a 
random  noise  process.  The  distributions  used  for  the  noise  in 
the  two  images  are  Gaussian  of  zero  mean,  with  standard 
deviation  16  and  12  respectively  These  two  images  can  be 
considered  as  two  different  sources  of  information  ahout  the 
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same  set  of  rectangular  objects.  Figure  3. a  and  4.a  are 
halftone  displays  of  these  two  images. 


A  set  of  likelihood  edge  detectors,  an  early  version  of 
the  detectors  described  in  [Sher,  86]  provides  a  set  of  likeli 
PfO  |E.) 

hood  ratios  -  (— 1,2,3.4]  -  for  each  pixel  given  the 

3X3  window  of  intensities  centered  at  it  where  NE  denotes 
the  hypothesis  that  the  given  pixel  is  not  an  edge  element 
and  E ,  denotes  the  hypothesis  that  the  given  pixel  is  an  edge 
of  one  of  the  four  (horizontal,  vertical,  and  two  diagonal) 
orientations.  The  likelihoods  are  computed  using  a  model  for 
step  edges  and  a  Gaussian  model  for  additive  noise.  Figure 
3.b  and  4.b  show  the  Maximum  Likelihood  Estimation 
(MLE)  for  edges  in  Figure  3.a  and  4  a  respectively  That  is,  a 
pixel  s  is  on  if  and  only  if  max  /?,(/)  >  fi ,(NE)  . 


We  use  a  homogeneous  and  isotropic  MRF  with  a  third 
order  neighborhood  system  over  the  image  lattice  to  encode  a 
body  of  basic  knowledge  shout  edges.  Cliques  of  size  3  are 
used  to  discourage  parallel  and  competing  edges,  whereas 
cliques  of  size  2  are  used  to  encourage  line  continuations, 
region  homogeneity  and  to  discourage  breaks  in  the  line 
forming  process.  The  potential  assignments  for  the  cliques 
are  chosen  conservatively  in  the  sense  that  estimation 
methods  based  on  (4.2)  and  (4.3)  make  as  few  false  detections 
of  edges  as  possible  while  maintaining  reasonable  detectabil¬ 
ity. 


m 


$ 
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We  have  implemented  a  program  that  does  MPM  esti 
mation  based  on  the  Monte  Carlo  procedure  proposed  in 
[Marroqum,  85],  This  program  uses  the  Gibbs  sampler  that 
randomly  and  repeatedly  selects  configurations  for  each  pixel 
based  on  the  distribution  given  in  (4.4).  Due  to  the  fast  con 
vergence  observed  in  the  experiments,  we  start  collecting 
statistics  at  the  300th  iteration  Figure  3.c  and  4,c  show  the 
MPM  estimations  based  on  the  statistics  collected  over  300 
iterations 

We  can  consider  that  Figures  3. a  and  4.a  provide  only 
partial  evidence  to  support  the  NE  and  E’ s  hypotheses.  For 
example,  Figure  3.a  would  represent  a  noise-corrupted  depth 
map  Figure  4. a  would  be  an  image  of  irradiance,  and  E 
would  correspond  to  the  hypotheses  that  the  pixel  is  at  a 
depth  discontinuity  or  at  an  edge  purely  caused  hy  pho 
tcmetrical  effects.  Under  this  interpretation,  Figure  5.a  and 
5  b  show  the  MLE  and  the  MPM  estimations  resulting  from 
applying  the  upward  propagation  rule  (3.3M3.5I  with  the 
initial  wg  =  0.75,  where  D  stands  for  depth  edge,  to  com 
bine  the  partial  evidence  of  Figure  3,a  with  the  information 
provided  by  Figure  4. a. 

Alternatively  we  can  consider  that  Figure  3.a  and  1  a 
independently  support  the  same  set  of  hypotheses.  By  apply 
ing  rule  (3.1),  we  obtain  Figure  6. a  and  6.b  representing  the 
MLE  and  the  MPM  estimations  based  on  the  combined  infor 
mation.  Observe  the  lines  detected  in  the  lower  left  qua 
drant  of  Figure  6.b  that  do  not  show  up  in  either  of  Figure 
3.c  and  4.c,  and  the  false  detections  in  Figure  3  c  and  1  c 
that  are  removed  in  Figure  6.b.  These  sorts  of  results  can 
not  be  achieved  by  multi-modal  segmenters  that  rely  on 
Boolean  operations  to  combine  evidence. 

6.  Conclusions  and  Future  Research 

We  have  presented  a  new  approach,  based  on  Bayesian 
probability  theory,  for  integrating  information  from  various 
sources.  This  approach  decouples  the  notion  of  observable 
evidence  and  prior  knowledge  so  that  each  type  of  informs 
tion  can  be  treated  according  to  its  own  characteristics  We 
have  shown  how  to  combine  coherently  and  consistency 
different  pieces  of  evidmee  for  a  set  of  hypotheses  organized 
as  a  hierarchical  knowledge  tree  and  how  to  incorporate 
prior  knowledge  modeled  by  MRFs.  We  have  explicitly  listed 
the  set  of  independence  assumptions  we  need  and  liavt  pro¬ 
vided  the  probabilistic  justification  for  this  approach  Fxp  r 
iraents  on  synthetic  data  have  shown  promising  results 
There  is  still  much  to  do,  however.  The  MRF  model  we  used 
is  very  rudimentary  Much  more  prior  knowledge  can  he 
encoded  using  the  same  concept.  We  are  currently  improv 
ing  the  MRF  model  to  handle  curved  lines  One  of  our  ulti 
mate  goals  is  to  encode  all  kinds  of  geometrical  and  pho- 
tometrical  constraints  in  termB  of  local  clique  potentials  in 
an  MRF  that  has  general  connectivity.  The  stochastic  esti 
mation  methods  are  computationally  very  expensive.  We  arc 
now  designing  a  deterministic  estimation  algorithm  that 
incremently  improves  its  estimation  as  new  evidence  arrives 
We  believe  this  method  of  information  fusion  can  be  applied 
to  problems  other  than  image  segmentation  as  well 
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ABSTRACT 

It  is  shown  that  the  quantization  error  due  to  the  lim¬ 
ited  resolution  capabilities  of  existing  cameras  is  so  serious 
that  the  calibration  of  two  camera  stereo  in  an  uncontrolled 
environment  is  fiequently  unreliable.  This  is  done  by  de¬ 
riving  explicit  analytical  solutions  for  the  relative  pan  and 
tilt  angles  in  terms  of  the  world  pan  angle  (often  referred 
to  as  gaze  angle)  and  the  coordinates  of  the  image  points 
used  in  their  computation  (under  the  assumption  that  an 
estimate  of  these  angles  is  available).  The  degree  of  the  im¬ 
pact  of  the  quantization  error,  however,  depends  highly  on 
the  image  points  that  are  used  for  the  computation  of  the 
camera  orientations.  3  hat  is,  to  obtain  reliable  results  the 
image  points  must  be  discriminated  on  the  basis  of  their 
coordinates  and,  at  times,  their  horizontal  disparities.  Not 
only  this,  but  also  the  combination  of  image  points  used  for 
the  computation  of  a  given  angle  must  form  special  config¬ 
urations.  1  hese  findings,  obtained  by  deriving  analytical 
expressions  for  the  magnitude  of  the  error  in  the  computed 
values  of  the  orientation  angles,  indicate  that  points  and 
combinations  of  points  used  for  calibration  must  be  selected 
intelligently.  A  scheme  is  presented  to  choose  (from  the 
available  image  points)  the  appropriate  points  and  combi¬ 
nations  of  points  that  give  rise  to  the  most  accurate  solu¬ 
tion. 

1.  INTRODUCTION 

Tasks  such  as  scene  analysis,  eye-hand  coordination  and 
navigation  require  depth  information.  A  standard  way  of 
obtainirig  depth  information  is  to  extract  it  from  stereo  im¬ 
age  pairs.  For  example,  this  technique  can  be  used  on  an 
autonomous  vehicle  which  would  “look”  at  the  road  using 
two  cameras  and  create  a  stereo  pair  of  images.  Depth  in¬ 
formation  would  then  be  used  to  build  a  3-D  representation 
of  the  world  facing  the  vehicle.  Utilizing  this  3-D  represen¬ 
tation,  the  vehicle  would  be  able  to  plan  ahead  and  follow 
the  road. 

Ihe  accuracy  of  the  3-D  representation,  however,  de¬ 
pends  on  the  accuracy  with  which  the  orientations  of  the 
two  cameras  are  known.  Although  for  nearby  objects  small 
inaccuracies  in  camera  orientations  may  not  be  of  much 


significance,  for  objects  that  are  not  close  to  the  stereo  sys¬ 
tem  the  situation  is  quite  different.  In  fact,  in  the  presence 
of  inaccuracies  in  camera  orientations,  the  accuracy  of  the 
3-D  representation  can  deteriorate  drastically  with  depth. 
This,  in  turn,  will  curtail  the  capabilities  of  the  vehicle  to 
plan  ahead  or  to  plan  correctly. 

Some  investigators  have  addressed  ti  e  topic  of  stereo 
error  due  to  quantization  but  they  have  not  discussed  its 
impact  on  the  problem  of  camera  calibration  (1),  [2],  Other 
investigators  have  discussed  the  question  of  camera  cali- 
brat  on  without  considering  the  effect  of  quantization  error 
thereby  limiting  the  practicality  of  their  approach  [3],  [4], 
In  addition  to  stereo  error  analysis,  we  have  discussed  prac¬ 
tical  difficulties  in  camera  calibration  and  ways  to  handle 
them. 

It  is  shown  [5]  that,  in  stereo,  precise  knowledge  of  the 
relative  pan  angle  of  the  two  cameras  with  respect  to  each 
other  (and  to  a  lesser  degree  the  relative  tilt  angle)  is  cru¬ 
cial  to  the  accurate  3-D  recovery  of  object  points  in  space, 
whereas  accurate  kno\  'edge  of  the  pan  and  tilt  angles  rel¬ 
ative  to  the  scene,  i.e.  tnc  “world”  angles,  is  of  less  signif¬ 
icance.  Therefore,  the  most  important  task  would  be  the 
computation  of  the  relative  pan  and  tilt  angles.  If  possible 
the  world  pan  angle  should  also  be  computed.  The  world 
tilt  angle  cannot  be  computed. 

It  is  assumed  that  the  stereo  system  consists  of  two  iden¬ 
tical  and  synchronized  cameras  that  can  pail  and  tilt  inde¬ 
pendently,  but  are  installed  at  a  fixed  distance  from  one 
another.  The  fixed  line  segment  defined  by  the  centers  of 
rotation  of  the  two  cameras  is  called  the  baseline,  ar  the 
world  coordinate  system  is  defined  as  follows.  <he 

center  of  the  coordinate  system  to  be  the  poii  i  •mu way 
between  the  centers  of  rotation  of  (he  tso  ce,  mius,  the 
X-axis  to  point  from  the  right  com*  •_*  o  the  left  (  imerr 
the  Y-axis  to  be  vertically  upward  „,-.d  ti  <  L Buaip' 
ahead.  Similar  axis  oriental  ons  r  ,'ise  <',r  LOa 
nate  systems  attached  to  (lie  rir;t-t  t  ■  u  ti  Jef  <- 
The  center  of  t1  e  coordinate  ysr.em  or  o‘t,:er  '.mu  -a  will 
be  its  center  of  rotation. 

Let  0  be  the  pan  (co  nterciutn  r  v  retailor.)  and 
the  tilt  (counterclockwise  ,v  citation)  or  icf’  air,:., 
coordinate  system  with  t  to  the  i  ,i  f  camera,  and 

let  a  be  the  counterclockwise  pan  angle  .  I  the  rij.ht  camera 


This  diagram  shows  the  orientation  of  the  X  and  Z  axes  for  the 
world,  the  right  and  the  left  coordinate  systems,  whose  centers 
are  points  W ,  R,  and  L,  respectively.  The  angle  between 
X*  and  X,  is  a,  and  the  angle  between  Xm  and  Xi  is  a  +  0 

Figure  1 


with  respect  to  the  world  coordinate  system. 

If  (Xr>Yr,Zr)  are  the  coordinates  of  a  given  point  in 
r;pace  with  respect  to  the  right  camera  coordinate  system 
and  (X|,  Yi,  Zi)  are  those  with  respect  to  the  left  coordinate 
system,  we  have 
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where  6  is  the  length  of  the  baseline. 

It  is  obvious  that  there  is  no  advantage  to  allowing  the 
difference  in  the  tilt  angles  of  the  two  cameras,  i.e.  <j> ,  to  be 
large.  Also,  we  assume  that  an  estimate,  60  of  0  is  available. 
That  is,  we  have  6  —  60  +  dd,  where  dO  is  a  small  angle. 

It  is  shown  that  precise  knowledge  of  8  (and  to  some 
degree  <j>)  is  crucial  to  the  accurate  3-D  recovery  of  object 
points  in  space,  whereas  accurate  knowledge  of  a  is  of  less 
importance.  On  the  other  hand,  as  we  shall  see,  compared 
to  8  and  <f>,  the  numerical  computation  of  a  is  more  likely 
to  produce  an  erroneous  result.  Therefore,  although  the 
objective  is  to  compute  all  three  angles,  we  have  shown 
that  it  is  often  possible  to  bypass  the  calculation  of  a  and 
to  compute  8  and  4>  directly.  This  is  despite  the  fact  that 
in  the  analytic  formulation  of  the  problem  the  three  angles 
are  intertwined.  It  has  to  be  noted  that,  in  general,  we  have 
assumed  that  an  estimate  of  the  angle  a  is  available. 


2.  ANALYTICAL  EXPRESSIONS  FOR 
RELATIVE  PAN  AND  TILT  ANGLES 

After  expanding  the  sine  and  the  cosine  functions  (aside 
tjhi  those  for  a)  in  equation  (1)  and  ignor  ng  terms  in  the 
second  order  in  dO  and  <f>,  that  equation  may  be  written  as 

xrAr  (X|CO80O  /smflo)Ai  (/cos0o+Z|Sm0o)A|d0-l-tco8a  (2) 


-/A,  =  — (xjcosffo- /8m0o)Aj<f0+yiA|0-(/cos0o  +  Z|8m0o)A|  +  tsin  a  (4) 

where  /  is  the  focal  length  of  either  camera,  and  (xr,j/r) 
and  (x(,j/f)  are  the  right  and  the  left  projected  coordinates 
of  a  given  point  in  space.  That  is,  xr  =  fXr/ZT  and 
yT  =  —fYT/Zr.  X|  and  yi  are  defined  similarly.  Ar  and  A | 
are  defined  as  —  Zr/ f  and  -Z|//,  respectively. 

Assuming,  for  the  moment,  that  a  is  known,  we  have 
three  equations  in  four  unknowns,  i.e.  d9,<p,  Ar  and  A,.  We 
can  rewrite  equations  (2)  and  (3)  as  follows: 


dO  = 


xiXi  —  xr\r  +  yiAj  sin  804>  +  6 cos  a 
(/  cos  80  T  xj  sin  0o)  A/ 

VrK  ~  yi  A, 


</>  = 


/A, 


(5) 

(6) 


Substitution  of  (5)  and  (6)  into  (4)  will  yield  an  expres¬ 
sion  for  Ar  in  terms  of  A(.  This  can  in  turn  be  substituted 
into  (5)  and  (6)  to  provide  expressions  for  dd  and  <f>  in  terms 
of  Aj  only.  Doing  this  we  will  have  two  equations  in  three 
unknowns,  i.e.  d8,  <p  and  A/.  Considering  a  second  point 
in  space  (with  known  right  and  left  image  positions),  we 
will  have  altogether  four  equations  in  the  following  four 
unknowns:  dd,  <f>,  A n  and  A 2j.  After  considerable  algebra 
An  and  A2/  are  eliminated  and  the  expressions  for  dd  and  <f> 
simplify  to  these: 

Jg  „  (j  -  fn)(<4i>!.  -  nirViilK/’  +  n,|>iico«flo)coaa  +  (fz,r  |/i,yn  Bin  0p)  sin  a]  . 

Vlr&ul/Olr  +  !/lrl/J|C<X>(a  +  ®o)l  ~  Vtr<>u|/<llr  +  VlrS/ll  CO»(<»  <-0Oj|  I'j 

A  _ _  yiiyar<»ir!>ii  —  yiiyita)rtii  +  yi,yj, (cudu  —  ch4ji) 


yiri'ul/aj,  +  yjryj|cos(a  +  >0)]  yub'„[falr  +  ylryiicos(a  4 


where  Pu  is  a  permutation  operator  (switching  the  indices 
Land  2  in  the  expression  to  which  it  is  applied),  and  where 


dir  =  /  cos  a  +  x,r  sin  a 

(9) 

a,i  =  f  cos  a  +  Xu  sin  a 

(10) 

b,i  =  Xu  cos  a  —  f  sin  a 

(11) 

Ch  =  f  cos  $0  +  x,i  sin  80 

(12) 

du  =  Xu  cos  Oq  -  f  sin  80 

(13) 

aii  =  c’i cos  Q  +  s*n  a 

(14) 

6|,  du  cos  a  —  c,i  sin  a 

Also  the  following  definitions  will  be  useful: 

(15) 

—  ^irUtl  ZCilVir 

(16) 

1 

II 

A 

(17) 

P,  -  f2  +  y.r!/,l 

(18) 

7,  7  X.rt/,1  diiy, r 

(19) 

P,  =  /2  +  y,rV,l  COS  0o 

(20) 

Numerical  computation  of  dO  aftd  <f>  is  composed  of  the 
calculation  of  several  intermediate  quantities  (such  as  7,6, 
etc.).  In  order  to  discuss  the  computational  difficulties,  we 
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reed  to  examine  the  magnitudes  of  these  quantities  sepa¬ 
rately.  Presently  these  quantities  are  expressed  in  terms  of 
xrixi,yr  and  yt  (of  a  given  point  in  space),  which  makes 
it  difficult  to  estimate  their  magnitudes.  This  is  because 
for  a  point  in  space  not  all  x  and  y  coordinates  of  both 
left  and  right  image  positions  can  be  considered  as  inde¬ 
pendent  quantities.  For  our  stereo  system,  in  particular, 
yr  and  yi  are  tightly  correlated.  Therefore  in  Appendix  A 
we  have  eliminated  j/j  and  have  derived  expressions  for  the 
intermediate  quantities  in  terms  of  d9,tf>,xr,xi  and  yr. 

3.  COMPUTATION  OF  RELATIVE  PAN 
ANGLE  WHEN  WORLD  PAN  ANGLE  IS  ZERO 

To  emphasize  the  computational  difficulties,  first  we  fo¬ 
cus  on  the  computation  of  dO  for  the  less  complicated  case 
of  60  =  a  =  0.  Necessary  modifications  for  the  case  of 
arbitrary  values  of  60  and  ft  will  be  discussed  later. 

Setting  a:  to  zero,  equation  (7)  reduces  to 

dLO  =  — VlT  +  Viryu)  (Vlr  -  yu){f2  +  y2rj/2l)] 

X\ lVlr(P  +  yirVn)  X2iy2r(p  +  t/lrl/u) 

(2i) 

If  we  were  dealing  with  a  system  where  x’s  and  y's  could 
be  obtained  with  high  precision,  then,  using  the  above  ex¬ 
pression,  any  two  points  in  space  (which  did  not  happen 
to  give  rise  to  a  vanishing  denominator)  could  give  us  an 
accurate  value  for  dO. 

However,  x’s  and  y's  can,  at  best,  be  obtained  to  the 
precision  of  a  pixel.  This  makes  the  numerical  computa¬ 
tion  of  the  angle  d9  a  difficult  task.  Precautions  have  to 
be  taken  to  ensure  that  all  the  mathematical  operations 
required  during  the  computation  of  dO  produce  acceptable 
values.  The  only  operations  involved  are  additions,  sub¬ 
tractions,  multiplications  and  divisions.  As  is  the  case  in 
most  numerical  computations  involving  these  four  opera¬ 
tors,  the  two  that  are  most  likely  to  intensify  errors  are 
subtractions  and  divisions.  Divisions  are  prone  to  produc¬ 
ing  unacceptable  results  when  their  denominators  are  small. 
Subtractions,  however,  may  lead  to  inaccurate  results  when 
their  operands  are  almost  equal. 

Computation  of  dO  requires  one  division  and  several  sub¬ 
tractions.  To  know  whether  the  computation  will  be  reli¬ 
able  or  not,  one  needs  to  examine  the  magnitudes  of  the 
operands  of  each  of  these  operators.  Among  the  subtrac¬ 
tions,  two  are  those  that  define  vertical  disparities  of  the 
points  in  space.  We  must  therefore  find  out  how  reliable  the 
computation  of  vertical  disparity  is.  Assuming  that  correct 
matches  have  been  found,  yr  and  yi  can  still  be  erroneous 
up  to  half  a  pixel.  This  implies  that  vertical  disparity  can 
be  erroneous  up  to  a  full  pixel.  To  know  how  significant 
this  error  is  wc  need  to  have  an  estimate  of  the  magnitude 
of  the  vertical  disparity.  For  this,  in  equation  (A7),  we  set 
ft  to  zero.  To  the  first  order  in  dO  and  <f>  that  equation  may 
be  written  as 


Vr  ~  I/i  =*  (/2  +  yf)<l>/ f  ~  xtytdO/ f  (22) 

Note  that  if  we  start  from  equation  (A6),  then  instead 
of  t/i  on  the  right  hand  side  of  equation  (22)  we  will  have 
yr.  The  rest  of  the  expression  will  be  the  same.  Now,  if  cf> 
is  negligible,  then 

~  [xiyi!  J)dO  (23) 

To  see  how  small  this  quantity  is  we  write  6  in  terms  of 
degrees  and  /  in  terms  of  n  and  v,  where  n  is  the  number 
of  pixels  on  every  row  (or  column)  of  the  image  plane  and 
v  the  view  angle  of  the  camera: 

6v  -  ln,x‘y[,  lnA-ono)  (24) 

(n/2)  cot(u/2) '  '  v  ' 

yr,yi  and  x;  are  now  in  (units  of)  pixels. 

For  a  typical  camera  we  have  roughly  n  =  512  and 
ti=50  degrees.  For  the  largest  possible  value  that  xj  and 
yr  can  have,  i.e.  256  pixels,  the  vertical  disparity  will  be 
j j/r  —  2/i  |  =  2.080.  For  0=. 5  degrees,  the  vertical  disparity 
will,  therefore,  be  1  pixel  and  that  is  within  the  range  of 
error.  This  may  suggest  to  increase  the  accuracy  of  the 
computation  of  6,  one  should  attempt  to  enhance  the  mag¬ 
nitude  of  the  vertical  disparity  by  increasing  the  vergence 
angle  or  by  keeping  the  other  term  in  equation  (22).  The 
latter  is  possible  by  intentionally  keeping  the  two  cameras 
at  different  tilts.  Such  strategies,  however,  are  not  signifi¬ 
cantly  helpful.  This  is  because  in  the  numerator  of  (21)  the 
two  expressions  /2  +  y\ryu  and  f2  +  y2ry2i  are  roughly  of 
equal  magnitudes.  Therefore,  the  middle  subtraction  in  the 
numerator  of  equation  (21)  is  basically  a  subtraction  of  two 
vertical  disparities  implying  that  any  attempt  to  increase 
vertical  disparities  would  leave  the  difference  between  the 
two  terms  (y2r  -  y2l)(f 2  +  yuyu)  and  (ylr  -  yu)(f2  +  y2ryu) 
relatively  unchanged. 

We  now  discuss  the  effect  of  the  other  subtractions.  In 
the  numerator  of  equation  (21),  aside  from  the  two  sub¬ 
tractions  that  define  vertical  disparities  of  the  two  points 
in  space,  there  is  only  one  more  subtraction.  It  should  be 
noted,  however,  that  there  is  a  hidden  subtraction  which 
does  not  appear  in  (21)  and  yet  requires  attention.  Rear¬ 
ranging  terms  in  the  numerator  of  equation  (21),  we  can 
write 

d0  _  /[(yn  -  yi i)(/2  +  2/ir2/2r)  -  (yir  -y2r)(/2  +  yny«)] 

XUV\r{f2  +  y2ryil)  ~  XnViriP  +  y\ry\l) 

(25) 

Here  we  note  that  a  successful  computation  of  dO  re¬ 
quires  large  values  of  y2r  —  yir  (rnd  also  yn  —  yn). 

This  issue  is  easy  to  resolve:  Points  that  are  paired 
for  computation  of  dO  should  be  vertically  far  apart.  This 
implies  that  we  must  not,  in  an  attempt  to  improve  our 
estimation  of  dO,  pair  every  point  with  known  right  and 
left  image  positions  with  all  others  (and  then  average).  It 
is  much  better  to  average  over  a  relatively  few  well  paired 
points. 
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Wo  now  go  bark  to  equation  (21)  and  examine  the  re 
niaining  subtraction  in  the  numerator,  i.e.  the  middle  one. 
Unfortunately,  the  operands  of  this  subtraction  are  almost 
equal  causing  the  subtraction  to  easily  produce  erroneous 
results.  To  minimize  the  adverse  effects  of  this  subtraction, 
we  need  to  make  the  two  operands  as  different  as  we  can 
by  choosing  appropriate  points  and  pairs  of  points.  I'o  find 
out  where  these  points  are  located,  we  use  equation  (A  10) 
which  does  not  involve  y,.  After  setting  a  =  0,  we  find  the 
analytical  result  of  the  subtraction  in  question,  num  (which 
is  essentially  the  numerator  in  the  expression  for  dO),  to  be 
tfie  following: 


num  =  \xuyir{f2  +  y2r)  -  x2,y2r(/2  +  y\r)\dO / f 


Ideally  we  Want  to  maximize  num  by  choosing  appropri¬ 
ate  values  for  the  four  quantities,  xn,x2;,j/lr  and  y2r.  The 
only  constraint  is  that  y\r  and  y2r  must  be  considerably  dif¬ 
ferent,.  With  this  in  mind  one  can  easily  verify  that  num  can 
be  maximized  by  setting  xu  =  r2i  =  a,  and  yu  y2r  a , 
where  2 a  is  the  length  (or  the  width)  of  the  image  plane. 
Practically  speaking  this  means  that  on  the  left  image  we 
should  look  for  image  points  near  the  four  corners  (this  is 
because  yi  is  not  too  different  from  yr),  and  calculate  ver 
tica.1  disparity  bv  finding  their  matches  on  the  right  image. 
We  should  then  pair  points  near  the  top  right  corner  of 
the  left  image  with  points  near  the  bottom  right  corner  of 
that  image.  Likewise,  we  pair  image  points  near  the  top 
left  corner  with  points  near  the  bottom  left  corner.  It.  is 
easy  to  verify  that  so  long  as  we  choose  such  pairs  of  points 
the  denominator  in  the  expression  for  dO  cannot  be  small, 
implying  that  the  division  involved  in  the  computation  of 
df)  will  be  basically  an  error-free  operation. 

Now  that  we  have  decided  what  image  points  we  want 
to  use,  it  is  possible  to  make  a  rough  approximation  of  the 
error  wc  would  incur  in  the  computation  of  0.  This  is  done 
in  Appendix  TL  The  result  is  that  on  the  average  while  using 
the  prescribed  points  the  error  is  .12  degrees.  To  know  how 
serious  the  quantization  error  can  be  if  points  close  to  the 
middle  of  the  image  arc  used,  we  note  that  one  can  derive 
the  following  expression  for  the  error  in  0: 


A  2y  -  Al„) 

2  a2 


where  A2y  and  A2„  are  the  errors  in  the  vertical  disparities 
of  points  1  and  2. 

From  the  above  expression  the  maximum  error  (for  cor¬ 
ner  points)  is  found  to  be  //(a2)  —  .49  degrees.  Now  if  we 
use  the  same  point  configuration  but  pick  the  points  closer 
to  the  center  of  the  image,  tr.cn  a  iri  the  above  formulas  will 
be  smaller  indicating  that  the  quantization  error  is  larger. 
For  example,  if  we  choose  the  points  that  are  located  half 
way  between  the  corners  and  the  center  of  the  image,  then 
a  will  be  half  what  it  is  for  the  corner  points,  and  both  the 
average  error  and  the  maximum  error  will  four  times  larger. 


It  should  be  noted  that  in  the  absence  of  image  points 
from  corners  with  the  same  latitude,  image  points  from 
corners  having  the  same  altitude  may  be.  paired  provided 
that  their  y’s  are  sufficiently  different. 


3.1.  Modifications  for  Large  Values  of  Vergence  An- 
glo 

If  we  set  a  —  0,  equation  (7)  reduces  to 


d0  h*:  !yu)(P  +  VirViicos^o)  (cuylr  Iyu)(p  4  y,tytl(os9„) 
4uyir(/!  +  yj.Vucostfn)  -  <h,y2r(/2  i  y,ry„cos0o)  (r. 


In  analogy  with  the  case  0o  -  a  -  0,  we  conclude  that 
the  best  pairs  of  points  (for  the  case  when  0O  is  not  zero)  arc 
those  for  which  yu  ~  - ij2i  ~  n  and  du  ^  d2l  has  its  maxi¬ 
mum  magnitude.  Since  dt  =  xt  cos  0o  f  sin  0O,  when  0o  >  0 
the  two  corners  that  yield  xj  -  a  are  the  best  neighbor¬ 
hoods  from  which  to  choose  the  two  points.  Although  for 
small  values  of  0 q  the  other  two  corners  (yielding  xt  =  a)  are 
almost  as  good,  for  large  values  of  0o  these  corners  should 
be  avoided.  This  is  because  the  value  of  dt  can  be  too  small 
i.:  these  corners.  For  example,  if  tari0o  ~  a,/ f  then  for 
these  corners  wc  have  dt  ~  0.  In  these  situations  points 
that  arc  horizontally  near  the  middle  of  the  image  (x/  ~  0) 
are  preferred  to  corners  with  xi  ~  a. 

Employing  the  mathematical  tools  developed  by  Karngar- 
Parsi  and  Kamgar-Parsi  [C]  one  can  show  when  points  from 
the  appropriate  corners  arc  used,  then  the  average  value  of 
the  digitization  error  in  0  is  given  by 


,  **  I  a5/!sin!0„  2  { fc 3  t  n/sind,  )7  i  (itJ  a/ sin  ft,)’  27t“| 


I‘.2u/H(aco8  0o  t  /sinflu) 


7layflkn[n<o!s0{)  i  /sinflu)  '• >(v  0{) 


where  k  /  cos0o  as  in  flj. 

The  above  expression  is  good  up  to  0o  es  30  degrees.  If 
On  ~  30  and  the  points  that  are  used  come  from  the  bad 
corners  the  quantization  error  will  be  very  large.  This  is 
because  for  these  corners  a  (in  the  above  formula)  must  be 
replaced  by  a,  causing  the  expression  no  0O  4-  / sin0o  in 
the  denominator  to  be  small.  Finally,  one  can  verify  that 
for  the  case  0O  0  the  error  given  in  the  above  formula 
reduces  to  the  one  derived  in  Appendix  15. 


3.2.  Modifications  for  Large  Values  of  World  Pan 
Angle 

When  a  is  small  the  situation  is  more  or  less  as  it  is  when 
cv  is  zero.  However,  for  large  values  of  a,  terms  involving 
sine*  become  significant,  and,  therefore,  iheir  impact  on  the 
calculation  of  the  intermediate  quantifies  such  as  num  has 
to  be  investigated.  From  equation  (A  10)  we  see  that  the 
dependence  of  num  on  o  is  through  the  «,r’s,  uti’s  and  6,i’s. 
However  insensitive  the  a,r’s  and  u,(’s  may  be  to  the  value 
of  a,  the  bu ’s,  on  the  other  hand,  are  quite  sensitive. 

Assuming  a  >  0,  for  a  given  negative  value  of  xu,  the 
magnitude  of  bd  will  increase  as  o  increases,  whereas  for 
a  given  positive  value  of  xth  the  magnitude  of  b,i  declines 
(it  can  even  vanish  and  then  increase  again)  as  o  in  reascs. 
The  situation  is  reversed  for  a  <  0. 

In  other  words,  standing  behind  the  cameras,  if  we  pan 


'AV  2 


jC. iA  - KViTikk/. jlA  m  1 


(42) 


them  to  the  left  (right),  then  a  pair  of  points  from  the  right 
(left)  corner  of  the  left  image  will  give  a  more  accurate  value 
lor  d.0  (as  compared  to  a  0),  while  those  from  the  left 
(right)  corner  will  give  a  less  accurate  value.  If  /  sin«  and 
Xu  cos  a  are  roughly  of  the  same  magnitude  but  of  opposite 
signs,  then  points  that  horizontally  arc  closer  to  the  middle 
of  the  image  plane  should  be  chosen  instead. 

4.  CALCULATION  OF  WORi  '  PAN  ANGLE 

When  the  world  pan  angle,  a,  is  n<  known,  then  there 
will  be  three  unknowns,  i.e.  dO,  4>  and  a.  To  calculate  a 
we  write  equation  (7)  in  the  following  form: 

dQ  -d  cos(2q)  +  13  sin(2a)  +  C 
Dcos(2a)  +  £sin(2a)  +  F 

where 

A  =  (1  /->12)[Pi  (c21t/2r  fy  2l)  -  llifx  2r-  VlrVll  sill  0O)  ]  (29) 

B  (1  Pl2)[7'lP2  +  (c2l!/2r-/y2l)(/2:lr  I/lrPll  Sin  <?0) ]  (30) 

C  (1  /J12)|Pi(C2!t/2r  /y2l)Wl(/Z2r  y2r2/2|Sin0O)]  (31) 

D  (1  -  P\i)\y\rdur>2  +  yirCn(/X2r  -  y2ry2iSin0O)]  (32) 
E  { 1  Pi2)\y\rdu(fxir  -  y2ryus\n0o)  -  VuCuPi}  (33) 
F  (1  Pl2)[yir<fllP2  yirC]|(/l2r  -  y2ry2|Sin<?o))  (34) 

In  principle,  knowing  the  right  and  the  left  image  posi¬ 
tions  of  three  points  in  space  will  allow  us  to  compute  two 
distinct  sets  of  six  coefficients  in  (22),  i.e.  Ai, . . . ,  F\,  and 
A2,.  ■  • ,  /•  2 -  The  following  equation  can  then  be  solved  for 
a: 

yticos(2a)  i  W|sin(2a)  t-  Ct  _  ,4iCos(2a)  f  CjSin(2a)  +  (35) 

/5|Cos(2n)  +  Kisin(2aj  +  F,  £)jCOs(2a)  +  £jsin(2a)  4-  I‘i 

This  approach,  however,  is  not  too  practical.  This  is 
because  the  equation  we  are  dealing  with  is  not  linear  and 
its  solution  may  not  be  stable.  Since  an  estimate,  ao,  of 
the  angle  a  is  generally  available,  we  may  assume 


a  ao  A  da  (3G) 

where  da  is  a  small  angle.  Therefore,  we  set  our  task  to  be 
the  calculation  of  da,  and  not  a.  Since  da  is  a  small  angle 
equation  (22)  may  be  written  as 


k  4  Ida 
dO  — — 

m  +  7i  da 

(37) 

where 

k  A  cos  2a0  +  B  sin  2a0  +  C 

(38) 

/  2(/iros2<»o  A  sin  2«o)da 

(39) 

rn  D  cos  2o0  -f  E  sin  2oo  t  F 

(40) 

n  2(7?cos2a(l-  Ds\n2a0)da 

(41) 

To  calculate  each  set  of  k,l,m,n  we  need 
Two  such  sets  will  then  yield 

two  points. 

da 


k2m\  k\m2 

{ktn2  —  k2rii)  f  (l\in2  —  l2mi) 


Numerical  computation  of  da  is  highly  sensitive  to 
round-off  errors  caused  by  the  limited  resolution  capabil¬ 
ities  of  the  camera.  Indeed,  for  reasons  which  will  become 
clear  shortly,  reliable  computation  of  a  is  a  more  difficult 
task  than  that  of  0.  To  find  clues  to  the  successful  com¬ 
putation  of  a,  we  shall  briefly  review  our  approach.  We 
calculate  a  (or  da)  such  that  the  two  values  of  dO  come  out 
equal  (see  equation  (35)).  That  is,  once  a  is  computed,  not 
only  must  equation  (35)  hold,  but  also  each  side  of  it  has  to 
be  equal  to  the  true  value  of  dO.  It  is  therefore  necessary  to 
choose  those  image  points  that,  except  for  the  error  in  a, 
would  produce  reliable  values  for  0.  This  must  be  observed 
even  if  these  points  are  not  used  for  the  calculation  of  6. 
Hence,  points  and  pairs  of  points  that  are  not  qualified  for 
the  computation  of  9  shall  not  qualify  for  the  computation 
of  a  either. 

We  still  need  to  make  one  further  consideration.  Unless 
the.  two  sets  of  six  coefficients  involved  in  equation  (35)  are 
sufficiently  different,  the  computation  of  da  is  likely  to  be 
overwhelmed  by  errors.  Theoretically,  we  cither  need  three 
points  that  when  paired  two  by  two  give  sets  of  coefficients 
that  are  sufficiently  different,  or  two  distinct  pairs  of  points 
yielding  adequately  different  sets  of  coefficients.  Practi¬ 
cally,  however,  except  for  unusual  situations,  the  former  is 
not  possible  (because  the  three  points  must  still  constitute 
two  pairs  of  points  that  arc  appropriate  for  computation  of 
9).  To  avoid  confusion,  from  now  on,  unless  stated  other¬ 
wise,  we  assume  that  the  number  of  points  required  for  a 
single  computation  of  da  is  four. 

To  know  where  these  four  points  can  be  found,  we  need 
to  examine  the  six  coefficients,  A,  B,C,  D,  E ,  F,  and  to  es¬ 
timate  their  magnitudes.  To  simplify  this  task  here  we 
concentrate  on  the  case  0o  =  0.  Yet,  the  dependence  of 
these  coefficients  on  a  large  number  of  parameters  makes  it 
virtually  impossible  to  extract  any  useful  information  from 
the  formulas  defining  them.  Nevertheless,  we  can  simplify 
our  task  by  noting  that  any  set  of  six  coefficients  that  is 
appropriate  for  computation  of  da  has  to  be  forme  j  by 
pairing  two  points  that  are  appropriate  for  computation  of 
6,  i.e.  two  points  whose  projections  on  the  left  image  plane 
lie  near  two  corners  that  have  the  same  latitude.  Therefore, 
for  these  two  points  we  can  roughly  assume  that  Xu  ~  x2 j, 
1/u  —  ~y 2i-  Since  vertical  disparity  is  not  large  we  can  also 
assume  that  yir  ~  y2r. 

Furthermore,  we  will  focus  our  attention  only  on  the 
coefficients  in  the  denominator,  i.e.  D,E,  and  F.  We  will 
not  examine  A,B,  and  C  for  two  reasons,  a)  they  are  st  ill 
complicated,  and  b)  in  general  if  the  D’s,  E' s  and  F's  are 
sufficiently  different  so  will  be  the  A’s,  B’ s  and  G”s  (this  can 
be  seen  from  equation  (35),  and  also  from  the  discussion  in 
Appendix  C).  After  replacing  xu  and  x2i  by  Xi,  ylr  and  y2r 
by  yr,  and  pi  and  p2  by  p,  for  the  case  0o  0  we  may  write 
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D  ~  yr [2 pxi  +  f2{x Jr  +  x2r)\ 

(43) 

E  -  /yr[--2 p  +  Xi(x lr  +  x2r)\ 

(44) 

F  ~  yr[2 pxi  -  f2{xXr  +  x2r)} 

(45) 

From  the  above  equations  we  can  see  that  by  choosing 
X\r  and  X2r  appropriately,  one  can  obtain  two  sets  of  D,E 
and  F  that  are  sufficiently  different.  We  will  distinguish  two 
cases  depending  on  whether  xx  is  close  to  —a  or  a  (where 
2a  is  the  length  or  the  width  of  the  image  plane). 

Case  I  (xi  ~  —a): 

fn  this  case  the  point  in  space  has  to  be  wide  and  deep. 
For,  otherwise,  it  would  be  outside  the  view  of  the  right 
camera.  Therefore,  the  right  image  will  also  be  close  to  the 
corner,  implying  that  xr  will  be  close  to  —a  too  (points  l 
and  2  in  Figure  2).  Therefore,  the  three  coefficients  will 
have  the  following  values: 


left  image  plane  right  image  plane 

Figure  2 


left  image  plane  right  image  plane 

Figure  3 


left  image  plane 

right  image  plane 

Figure  4 

D  ~ 

-2ayr{p  +  f2) 

(46) 

E  ~ 

-2  fyr(p  a2) 

(47) 

F  ~ 

2  ayr(p  /2) 

(48) 

As  the  values  of  D,E  and  F  are  almost  the  same  for 
every  pair  of  points  having  xi  ~  a,  we  conclude  that  (for 
a  single  computation  of  a)  we  can  allow  only  one  pair  of 
points  with  xt  ~  a  into  the  computation. 


Case  II  ( xi  ~  a): 

In  this  case  the  point  in  space  can  be  virtually  anywhere 
in  space,  and,  therefore,  xr  can  almost  vary  from  a  to  a. 
If  x\r  ~  x2r  —  a  (points  3  and  4  in  Figure  2),  then  it  is 
easy  to  check  that  D  and  F  will  have  the  same  magnitude 
as  those  in  (46)  and  (48)  but  with  a  different  sign,  and  E 
will  be  the  same  as  that  in  (47).  For  small  values  of  a,  the 
term  E  sin  2a  will  be  insignificant,  and  the  set  will  be  the 
opposite  (not  really  different)  of  that  for  the  previous  case. 
Therefore,  when  a  is  small  the  two  pairs  of  points  in  Figure 
2  should  not  be  combined. 

If  xXr  ~  x2r  ^  -a  (pair  5,6  in  Figure  3),  then 


D  ~  2ayr(p  —  /2) 

(49) 

E  ~  -2 fyr(p  +  a2) 

(50) 

F  ~  2ayr(p  +  /2) 

(51) 

This  set  is  substantially  different  from  the 

previous  ones, 

indicating  that  such  a  pair  of  points  goes  well  with  either 
the  pair  (1,2)  or  the  pair  (3,4)  in  Figure  2.  Also  it  is  easy 
to  verify  that  a  pair  of  points  with  xlr  ~  -x2r  (pair  7,8  in 
Figure  4)  appears  to  go  well  with  all  three  previous  pairs. 
The  concern,  however,  is  that  pairs  of  points  such  as  those 
illustrated  in  Figures  3  and  4  are  relatively  rare,  and  often 
we  may  not  find  any.  Pairs  of  points  of  the  types  (1,2)  and 
(3,4)  are  more  likely  to  be  available,  but  when  a  is  small 
we  cannot  rely  on  them. 

Generally  speaking,  on  many  occasions  we  may  not  be 
able  to  compute  a  with  a  given  degree  of  reliability.  The 
question  is  what  to  do  when  this  happens.  ■  Previously  it 
has  been  shown  that  the  recovery  of  points  in  space,  while 
quite  sensitive  to  error  in  0 ,  is  relatively  insensitive  to  error 
in  a.  That  is  to  say,  it  is  the  dependence  of  8  on  a  which 
makes  the  knowledge  of  the  accurate  value  of  a  of  special 
importance.  The  point,  however,  is  that  the  degree  of  this 
dependence  depends  on  the  image  points  that  we  choose. 
An  interesting  question  comes  to  mind:  Is  it  possible  to  find 
a  pair  of  points  such  that  the  computed  value  of  0  becomes 
sufficiently  insensitive  to  small  variations  in  the  value  of 
a?  In  general,  for  a  single  pair  of  points,  the  answer  is  no. 
However,  in  the  next  section  we  will  see  that  if  we  use  the 
two  pairs  of  points  shown  in  Figure  2,  then  the  average  of 
the  two  computed  values  of  0  will  generally  be  insensitive 
to  small  changes  in  a,  providing  us  with  a  reliable  estimate 
of  0  despite  the  relative  uncertainty  in  the  value  of  a. 

5.  COMPUTATION  OF  RELATIVE  PAN 

ANGLE  WITHOUT  WORLD  PAN  ANGLE 

We  would  like  to  explore  the  possibility  of  computing  6 
when  the  value  of  a  is  not  known  accurately.  Suppose  we 
have  two  points  that  not  only  pair  well  (for  computation 
of  dO),  but  also  have  their  zr’s  roughly  equal;  namely,  two 
points  for  which  we  have  the  following  relations: 
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Xir  =*  x2r  (52) 

Xu  =*  x2(  (53) 

s/ii  —  -yu  (5*1) 

(Examples  of  such  pairs  are  points  (1,2)  and  (3,4)  in 
Figure  2.).  Using  equations  (All)  and  (A6)  in  Appendix 
A  and  approximating  a\r  and  o2r  by  /,  the  above  relations 
allow  us  to  write 

XulT  Zl'h  ~  Xr(l> — n)  -  /xr(^2»-^iv)cotQ-2xr!/r6,fl/sin  n  (55) 
/ (<52„  -  <5iy;  -2 yr6x  sin  a  +  2yrbl0  (56) 

where  x\r  and  x2r  are  denoted  by  xr,  y\r  and  y2,  by  yr  and 
61(  and  62,  by  6,. 

The  above  equation  indicates  that  for  negligible  values 
of  0  the  difference  in  vertical  disparities  vanishes  as  6X  does. 
It  must  be  emphasized  that  without  the  above  mentioned 
assumptions  the  expression  for  the  difference  of  vertical  dis¬ 
parities  involves  terms  that  will  not  vanish  as  <5,x  does  (or 
6iX  and  62x  do).  This  can  be  easily  verified  from  equation 
(A6). 

Employing  equations  (55)  and  (56)  the  coefficients  A 
through  F  for  the  case  Oq  =  0  may  be  written  as 


A  ~  —  2t/r(psln  a  +  /xr  cos  a)6x  +  2yrbi(p  -  fxr  tan(a/2))0 

(57) 

B  ~  — 2yr(/xrsina  —  pcosa)6x  +  2yrbt(fxr  +  ptan(a/2))0 

(58) 

C  ~  -2t/r(psin  a  -  f xr  cos  a)6x  +  2yrbt[p  +  fxr  tan(«/2))0 


(59) 

D  =*  2 yr[p(xr  -  6X)  +  f2xr\ 

(60) 

E  cd  2 yr/[xr(xr  -  6X)  -p] 

(61) 

F  ~  2yr[p(xr  -  6X)  -  /2xr] 

(62) 

where  p  denotes  p,  ~p2. 

It  is  worth  mentioning  that  numerical  experiments  have 
shown,  even  for  cases  when  the  relations  (52)  through  (54) 
are  only  approximately  valid,  that  the  above  expressions 
provide  fairly  good  approximations  to  the  exact  values  of 
the  six  coefficients. 

To  evaluate  the  dependence  of  0  on  a,  we  differentiate 
equation  (28)  with  respect  to  a  to  obtain 

(BB-  AE)  +  (CD  -  AF)  sin(2a)  +  (BF  -  CE)  cos(2a) 


ddjda 


(£>cos(2a)  +  E  sin(2a)  +  F )2 


(63) 


From  equations  (57)  through  (63)  we  can  make  the  fol¬ 
lowing  observations: 

a)  For  negligible  values  of  0,  as  A,B  and  C  go  to  zeio 
as  6X  does,  so  will  all  the  terms  in  the  numerator  J  dO/da 
Therefore,  for  a  pair  of  points  that  satisfy  the  relations  (52) 
through  (54),  and  are  deep  in  space  (small  6X ),  the  com¬ 
puted  value  for  0  will  be  fairly  insensitive  to  the  inaccuracy 
in  a.  In  practice,  however,  unless  6X  is  extremely  small  and 
0  is  no  larger  than  a  degree  or  so,  the  computed  value  of  0 
(when  a  is  inaccurate)  may  not  be  accurate  enough. 

b)  Let  us  denote  the  set  of  six  coefficients  that  results 
from  pairing  points  1  ,  2  in  Figure  1  by  Au,B i2,...,E12, 


and  the  set  resulting  from  points  3  ,  4  (in  the  same  Figure) 
by  ^34,  W34, . . . ,  -F34 .  In  equations  (57)  through  (62),  if  a 
is  small  and  |xlr|  is  large,  then  terms  involving  sina  and 
tan^a/2)  may  be  ignored  an  egardless  of  the  magnitude 
of  0  the  following  relations  will  emerge: 


A]2  ~ 

—  A.34, 

B\2 

—  E34,  C,2  —  *  C.34 

(64) 

D\2  ~ 

—  D34, 

E\2 

—  E 34,  F]2  —  —F34 

(65) 

BnD\2 

Ai2Ei2  — 

-  (E34D34  A34E34) 

(66) 

BuF\2 

—  Ei2C,2  ~ 

(B24D24  -  E34C34) 

(67) 

With  the  terms  (DC  —  AF)sin2a  and  Esin  2a  in  the 
equation  (63)  being  small,  we  conclude  that 


d0\2  —  -  d034 

(68) 

Denoting 
by  pairs  1,2 

the  true  value  of  0  by  Oq,  and  those 
and  3,4  by  012  and  634,  respectively, 

computed 
we  have: 

Oq  —  0 12  +  d0\2 

(69) 

and 

Oq  —  A  *+*  dO Q4 

(70) 

Therefore 

Oq  —  (0\2  r  024)12 

(71) 

c)  When  a  is  not  small  equations  (64)  and  (65)  will 
not  be  satisfied.  Therefore,  we  should  not  simply  take  the 
average  of  the  two  computed  values  of  0,  What  we  should 
do  instead  is  to  take  a  weighted  average  of  0U  and  034. 
For  example,  if  |d0,2|  <  \d034\,  then  Oq  will  be  closer  to 
Ou,  and  therefore  0J2  should  be  assigned  a  larger  weight. 
It  is  noted  that  although  we  can  usually  calculate  dO ,2  arid 
d03\  rather  reliably,  computational  experiments  have  shown 
that,  in  general,  we  should  not  estimate  0o  from  012  +  dOn  or 
634+^634.  As  was  suggested  earlier,  a  much  better  approach 
is  to  use  dOu  and  dO 34  for  assigning  appropriate  weights  to 
O12  and  634. 

Note,  however,  that  the  calculation  of  the  (weighted) 
average  of  012  and  034  will  make  sense  only  so  long  as  dOn 
and  d034  are  of  opposite  signs.  Obviously  for  small  val¬ 
ues  of  «,  d0\2  and  d03 4  do  have  opposite  signs.  We  should 
therefore  find  out  what  happens  when  the  magnitude  of 
a  increases.  This  is  done  in  Appendix  C.  The  conclusion 
is  that  within  the  range  20  <  a  <  20  degrees  dOl2  and 
d03i  have  different  signs,  and  calculation  of  a  weighted  av¬ 
erage  is  possible.  Since  the  two  pairs  of  points  (1,2)  arid 
(3,4)  in  Figure  2  cannot  be  combined  for  the  computation 
of  do  only  when  jot|  is  small  (say  less  than  7  to  8  degrees), 
therefore  the  range  20  <  a  <  20  is  wide  enough. 

d)  The  case  when  0o  is  not  small  can  be  analyzed  in  the 
same  manner  as  was  done  in  the  previous  case. 
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6.  COMPUTATION  OF  RELATIVE  TILT 
ANGLE 

For  the  case  a  0o  0  equation  (8)  reduces  to 

^  f\yirXll{y2r  V2 1)_  y2rXjl{yir  2/ll)j  ^ 

X\Ujlr(P  +  !/2rJ/2l)  -  X2iy2r(P  +  2/lrVll) 

It  can  be  seen  that,  in  general,  so  long  as  vertical  dis¬ 
parity  can  be  calculated  reliably  so  can  be  the  relative  till 
angle.  In  particular,  pairs  of  points  recommended  for  the 
computation  of  0  seem  to  be  quite  appropriate  for  the  com¬ 
putation  of  <j>  too. 

Even  ror  large  values  of  cc  and  0,  the  computation  of  <j> 
appears  straightforward  and  stable.  In  fact  we  only  have  to 
pick  pairs  of  points  so  that  neither  vertical  disparities  nor 
the  denominator  for  <j>  (which  is  the  same  as  the  denomina¬ 
tor  for  0)  is  small.  For  the  effect  of  a  large  world  pan  angle 
on  vertical  disparity,  6V,  see  Section  4. 

Note  that  to  calculate  the  world  pan  angle,  a,  instead  of 
using  the  expression  for  0  (see  equation  (28)) ,  we  could  have 
used  the  expression  for  <f>.  The  reason  we  did  not  do  this  is 
because  the  latter  approach  has  heen  found  (by  means  of 
computational  experiments)  to  be  less  reliable.  Apparently, 
the  reason  is  the  weaker  coupling  of  <f>  and  a  (as  compared 
to  0  and  a). 


7.  A  SCHEME  FOR  A  RELIABLE 
CALIBRATION 

While  computation  of  tj>  is  rather  easy,  computation  of 
0  and,  in  particular,  a  is  difficult.  If  a  sufficient  number 
of  points  that  are  appropriate  for  computation  of  these  an¬ 
gles  is  available,  then  all  of  them  can  be  computed  reliably. 
However,  in  many  images  we  may  not  find  enough  points  or 
pairs  of  points  that  can  be  sufficiently  trusted.  Therefore, 
a  program  which  is  devised  for  the  computation  of  pan  and 
tilt  angles  should  adopt  the  following  strategy. 

The  program  should  first  consider  points  (and  pairs  of 
points)  that  appear  reliable.  If  there  exist  enough  such 
points  (usually  about  six  to  eight  pairs,  according  to  sim¬ 
ulation),  then  points  that  appear  less  reliable  need  not  be 
considered.  Otherwise,  those  points  and  combination  of 
points  that  do  not  appear  as  promising  should  be  consid¬ 
ered  too.  However,  the  program  should  have  special  code 
to  estimate  the  reliability  of  all  sensitive  mathematical  op¬ 
erations.  If  an  operation  appears  unreliable,  then  the  point 
(or  the  combination  of  points)  must  be  rejected.  If  the  re¬ 
liability  of  a  given  operation  is  such  that  neither  rejection 
nor  “full”  acceptance  seerns  appropriate,  then  an  appropri¬ 
ate  weight,  i.e.  a  number  less  than  one,  should  be  assigned 
to  the  result  of  that  computation.  Therefore,  at  the  end, 
when  we  average  over  all  non-rejected  results,  the  contri¬ 
bution  of  an  individual  result  (to  the  final  result)  will  be 
proportional  to  its  degree  of  reliability.  If  the  sum  of  the 
weights  of  the  individual  results  for  a  given  angle  is  less 
than  a  certain  threshold,  then  the  computation  of  that  an¬ 


gle  must  be  considered  unreliable.  Although  for  a  this  may 
happen  rather  frequently,  we  believe  that  for  most  images 
computation  of  the  more  important  angles,  i.e.  <j>  and  0  will 
be  reliable. 


8.  CONCLUDING  REMARKS 

We  have  studied  difficulties  due  to  digitization  error 
which  arise  in  computation  of  the  relative  pan  and  tilt  an¬ 
gles  and  the  world  pan  angle  (also  referred  to  as  gaze  angle) . 
If  the  gaze  angle  is  zero  and  the  vergence  angle  is  small,  then 
the  best  points  to  be  used  in  the  computation  of  the  rela¬ 
tive  orientation  angles  are  corner  points  and  that  the  best 
combination  of  points  are  those  that  pair  points  from  two 
corners  that  have  the  same  latitude.  (In  particular,  points 
coming  from  two  opposite  corners  must  not  be  combined.) 
If  either  the  world  pan  angle  or  the  vergence  angle  is  large, 
then  of  the  two  pairs  of  corners  that  have  the  same  latitude 
only  one  pair  of  corners  should  be  considered.  Indeed,  in 
this  case  points  that  are  horizontally  near  the  middle  of 
the  image  may  give  rise  to  more  stable  computations  than 
those  from  the  “bad”  corners. 

Since  the  computation  of  the  world  pan  angle  is  fre¬ 
quently  unreliable,  it  is  necessary  to  bypass  the  computa¬ 
tion  of  this  angle  and  to  compute  the  relative  orientation 
angles.  This  can  often  be  done;  despite  the  fact  that  in  the 
analytic  formulation  of  the  problem  the  relative  orientation 
angles  and  the  world  pan  angle  are  coupled.  If  the  world 
pan  angle  cannot  be  computed  reliably,  one  should  take  the 
average  of  results  obtained  from  the  two  pairs  of  corners 
(unless  the  horizontal  disparities  of  these  points  are  con¬ 
siderably  different  from  each  other).  When  the  world  pan 
angle,  or  the  vergence  angle  are  large,  then  to  take  average, 
points  from  the  inappropriate  corner  should  be  replaced 
by  points  closer  to  the  middle  of  the  image.  Also,  simple 
averaging  should  be  replaced  by  a  weighted  averaging.  It 
is  interesting  to  note  that  Kamgar-Parsi  and  Eastman  [7] 
have  shown  that  to  compute  the  relative  roll  angle  when 
the  value  of  the  gaze  angle  is  not  known  accurately,  one 
should  take  the  average  of  results  obtained  by  combining 
points  from  two  different  sets  of  three  corners. 


& 


vBv; 

row 


£ 


,V.  -V 


-\y. 


» >.v 


r.  ■A  A 
AAV, 

a’aY 


A>\'/ 

j-  J-  J 


v.  G 

■v-S 

*  “>N/ 


Vv 


■-  A  vs 


-  A  . 


*VA 


APPENDIX  A 

Numerical  computation  of  0,  and  a  requires  the  calcu¬ 
lation  of  many  intermediate  quantities  (such  as  7,6,  etc.). 
To  discuss  the  computational  difficulties,  we  have  to  exam¬ 
ine  the  magnitudes  of  these  quantities  separately.  In  the 
main  text  these  quantities  are  expressed  in  terms  of  xr,  z( ,  yr 
and  yt  (of  a  given  point  in  space),  which  makes  it  difficult 
to  estimate  their  magnitudes.  This  is  because  for  a  point 
in  space  not  all  x  and  y  coordinates  of  both  left  and  right 
image  positions  are  independent  quantities.  Therefore  in 
this  Appendix  wc  have  eliminated  either  yi  or  yr  or  rr  and 
have  derived  expressions  for  the  intermediate  quantities  in 
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terms  of  0,4>  and  the  remaining  projected  quantities. 

First,  we  shall  derive  expressions  for  l/A (  and  Ar/A(. 
Equations  (2)  and  (4)  in  the  main  text  can  be  written  as 

xr(Ar/A,)  =  di  -  CiB  +  j/j  sin 80<f>  +  6cos  a/A,  (Al) 


Expression  for  7  (in  terms  of  X|,yr  and  yt): 
Substitution  of  (A8)  into  7  yields 

fyi6vcos  a^-Jpy,  cos  a  +  fyrxis\T\a)<f>  +  yrytb,0  ^Uj 
(yi  +  f<t>)  sin  a 


-/( Ar/A.)  =  —  C|  —  diO  +  yi  cos  0o4>  +  6sin  a/Aj  (A2) 


Elimination  of  Aj  except  when  it  occurs  in  ratio  with  Ar 
yields 


Ar/A , 


aj  A  bt0  —  yi  cos  a</> 
ar 


Expression  for  yj: 

Equations  (A3)  and  (3)  yield 

yra\  +  1 Jrb',0  -  far<t> 

Vl  ar  T  yr(cos(0o  T  ct)4> 

Expression  for  yr: 

Equation  (A4)  can  be  written  as 

_  O-riVl  +  f<j>) 

Vr  a)  +  b[8  -  yi  cos(0o  +  a)<j> 


(A3) 


(A4) 


(A5) 


Expression  for  Vertical  Disparity  when  80  =  0: 
From  equation  (A4)  we  obtain 


APPENDIX  B 

We  would  like  to  make  an  estimate  of  the  error  we  would 
incur  in  the  computation  of  8  for  the  case  a  0 

The  pair  of  points  used  for  the  computation  of  0  are 
assumed  to  be  near  two  corners  of  the  left  image  plain 
that  have  the  same  latitude.  Assuming  that  the  error  in 
the  computation  of  the  vertical  disparity  is  negligible,  then 
virtually  all  the  error  will  come  from  the  computation  of 
num.  Utilizing  the  numerator  in  equation  (21)  which  is 
essentially  the  same  as  num,  it  can  be  verified  that  for  the 
pair  of  points  that  we  have  considered  we  can  roughly  write 

num  ~  {}'  +yiryii)[(y2r-y2i)-(vir-yii)]  (Bi) 

Thus,  the  sensitivity  of  num  to  error  is  basically  the 
same  as  the  sensitivity  of  the  difference  of  the  two  vertical 
disparities.  From  equation  (A7)  we  find 

(y2r-y2i)-(yir-yn)  ^  2 xuyir0/f  (B2) 


6, I  =  Hr  -yi  = 


yr6z  sin  a  4-  ( far  +  yj  cos  a)<j>  -  yrM 
ar  +  yr  cos(a)<f> 


(A6) 


Note  that  the  above  expression  does  not  involve  yt.  Like¬ 
wise  we  can  eliminate  yr  and  obtain  a  similar  expression  for 
vertical  disparity.  For  this,  we  rearrange  the  above  equation 
to  obtain 


In  units  of  pixels,  the  right  hand  side  of  the  above  ex¬ 
pression  is  about  40  (where  0  is  in  degrees). 

The  average  error  for  the  difference  of  vertical  dispari¬ 
ties  (in  units  of  pixels)  is  equal  to 


1 1/2 
/  j 

M/2 

r  1 

r  ix 

J-  1/2  J 

-1/2  J 

- 1/2  j 

-1/2 

+  X2  —  x3  -  x4\dx\dx-idx3dx4 


Sv  =  yr  -  yi  = 


yi&x  sin  a  +  ( far  +  yfcosa) 
ai  T  biO  —  yi  cos  a<t> 


(A7) 


where  6X  =  xr  —  x\  is  the  horizontal  disparity. 

Expression  for  xr  (when  80  =  0  but  a  is  not  zero): 
Equation  (A3)  can  be  rearranged  to  obtain 


x,yr  sin  a  +  f6y  cos  a  T  yrb,0  -  {p  +  yr yi)  cos  a<f> 

(yi  +  f<t>)  sin  a 


(A8) 


Expression  for  7  sin  a  —  {by  cos  a: 

Substitution  of  equation  (A4)  into  the  expression  of  in¬ 
terest  yields 


7  sin  a  —  f  6V  cos  a  = 


yrarb,8  -  ( fa\  +  y2ra,  cos  ot)<f> 
ar  T  cos  ayr(f> 


(A9) 


Expression  for  num 

After  substituting  equation  (A4)  for  yi  into  the  numer¬ 
ator  of  (7)  and  ignoring  terms  of  the  second  order  in  0  and 
<f>,  we  obtain 


num  |/(sii,ti|Ojr  lf!,f>iiau)  +  y,ryjr(yj,.(>1iaii/ajr 


yirf>2iau/flir)j0  (A  10) 


Using  the  relation 


|a|  if  |a|>l/2 

oJ  +  1/4  if  |a|<l/2 


(B3) 


after  considerable  algebra,  the  c  adruple  integral  is  found 
to  be  equal  to  7/15,  Therefore,  r,  the  average,  the  relative 
error  in  the  computation  of  the  difference  of  vertical  dispari¬ 
ties  is  7/(60 8).  From  this  we  conclude  that,  on  the  average, 
the  absolute  error  in  the  computation  of  0  is  7/60  ~  12 
degrees. 


APPENDIX  C 

We  want  to  know  for  what  values  of  the  world  pan  angle, 
a,  the  derivative  of  the  relative  pan  angle,  0,  w  ith  respect  to 
a,  i.e.  dO/da  has  opposite  signs  for  the  two  pairs  ot  points 
(1,2)  and  (3,4)  in  Figure  Since  we  know  that  far  small 
values  of  a,  dOn/do  <  ?.  and  d034fda  >  0,  wl  ,vt  we  want 
to  find  out  is  the  ir-axirr.um  value  of  |a|  fo*  wl  h  \e  si, ill 
have  dOu/da  <  0  and  d034jda  >  0. 

To  do  this  we  have  to  examine  the  magnitudes  of  the 
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terms  in  the  numerator  of  d8/da  (see  equation  (57)),  and 
therefore  the  coefficients  A  through  F.  It  can  be  verified, 
comparatively  speaking,  that  the  magnitudes  of  D  and  E 
are  “large”,  of  B  and  F  “medium”,  and  of  A  and  C  (de¬ 
pending  on  the  sign  of  xT  and  the  value  of  a)  “small”  to 
^medium”.  Therefore,  when  determining  the  sign  of  d6 / da 
the  terms  that  need  be  considered  are  BD ,  AE  (when  A 
is  not  small)  and  DC  sin  2a  and  EC  cos  2a  (when  C  is  not 
small).  Due  to  symmetry  we  only  need  to  study  the  case  of 
positive  values  of  a.  For  a  >  0,  depending  on  the  sign  of 
xr  we  will  distinguish  two  cases: 

I)  a  >  0,  xr  >  0 

In  this  case  C  is  small.  Therefore,  we  only  need  to 
examine  the  sign  of  the  expression  BD  -  AE.  Since  in  this 
case  we  have  A  >  0,  B  <  0,  D  >  0  and  E  <  0,  both  BD  and 
AE  are  negative.  For  small  values  of  a ,  |J3|  is  appreciably 
larger  than  A.  Thus  BD  —  AE  >  0.  However  as  a  increases, 
B  decreases  and  A  increases.  Since  the  magnitudes  of  D 
and  E  are  roughly  equal,  BD  —  AE  changes  its  sign  when 
Ml  —  |J9|.  To  find  an  estimate  of  the  angle,  ac,  at  which 
this  happens  we  set  A  =  -B  to  obtain 


tan  ac 


P~  fx r 

P+  fx  r 


(Cl) 


For  a  pair  of  points  such  as  (3,4)  in  Figure  2,  we  have 
tanac  .5,  and  therefore  ac  =  27  degrees.  That  is,  up  to 
about  27  degrees  BD-  AE  retains  the  sign  it  has  at  a  =  0. 
Numerical  computations,  however,  suggest  that  the  deriva¬ 
tive  chan;  its  sign  at  about  22-24  degrees  (depending  on 
the  closeness  of  the  pair  of  points  to  the  corners).  Owing 
to  the  fart,  unlike  our  assumption  when  we  calculated  ac, 
that  D  and  E  are  not  exactly  equal  and  also  the  fact  that 
other  terms  can  have  some  small  effects,  the  discrepancy 
between  27  and  22-24  degrees  is  not  unexpected. 

II)  a  >  0,  xr  <  0 

In  this  case  A  is  small.  Therefore,  we  should  examine 
the  sign  of  the  expression  BD  +  CD  sin  2a  -  CE  cos  2a, 
or  (since  in  this  case  D  <  0  and  E  <  0)  basically  the 
expression  -B  +  C  cos  2a  -  C  sin  2a.  At  27  degrees  the 
magnitudes  of  B  and  C  become  equal.  Thus,  for  the  term 
C sin  2a  to  overcome  —  B  +  Ceos 2a,  a  must  be  consider¬ 
ably  larger  than  27  degrees.  That  is,  for  a  pair  of  points 
such  as  (1,2)  in  Figure  2,  dOuf da  remains  positive  much 
longer  than  d034/da  remains  negative.  Therefore,  dOu/da 
and  d034/da  have  different  signs  up  to  27  (or  as  was  men¬ 
tioned  above  22-24)  degrees.  Since  non-negligible  values  of 
6,  in  some  cases,  may  slightly  decrease  this  range,  a  more 
dependable  range  will  roughly  be  20  <  |a|  <  20  degrees. 
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Uncertainty  Analysis  of  Image 
Measurements  * 
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Abstract 

In  this  paper  we  discuss  the  implications  for  “low-level” 
computer  vision  of  the  uncertainty  in  image  measurements. 
We  illustrate  these  ideas  with  applications  to  1)  the  re¬ 
covery  of  depth  from  both  stereo  and  motion,  2)  the  re¬ 
finement  of  depth  maps  in  multiple-frame  motion  algo¬ 
rithms,  3)  the  detection  of  independently  moving  objects, 
and  4)  the  relative  efficacy  of  stereo  and  motion  in  recov¬ 
ering  depth.  We  conclude  with  several  numerical  examples 
illustrating  this  analysis,  and  some  conjectures  on  possi¬ 
ble  future  applications  of  uncertainty  analysis  in  computer 
vision. 


1  Introduction 

The  calculation  of  environmental  (3D)  parameters  is  a  ma¬ 
jor  concern  of  many  techuiques  in  computer  vision.  For  in¬ 
stance,  an  algorithm  for  stereopsis  computes  the  3D  depth 
of  environmental  points,  and  a  motion  algorithm  computes 
depth  and/or  motion  parameters  (rotational  and  transla¬ 
tional  velocities).  These  environmental  parameters  might 
be  desired  quantities  in  themselves,  or  they  could  be  used 
for  further  processing,  such  as  for  shape  recovery  and  the 
segmentation  of  the  environment  into  distinct  objects,  or 
for  recognition,  path-planning,  etc.  All  such  techniques 
must  take  as  input  the  position  in  the  image  or  images 
of  particular  “interesting”  image  structures  such  as  points, 
contours,  and  regions.  In  the  case  of  correspondence-based 
techniques  for  stereo  or  motion,  the  position  of  correspond¬ 
ing  points  in  two  or  more  images  serves  as  the  input  to 
an  algorithm,  the  output  of  which  is  some  environmen¬ 
tal  parameter  or  parameters.  We  will  be  interested  here 
only  in  the  case  where  the  output  is  a  numerical  quantity, 
such  as  depth.  We  think  that  similar  considerations  will 
hold  for  non  numerical  output  quantities  zero-crossings, 
straight  lines,  regions,  etc.,  but  the  application  of  our  ideas 
to  these  is  not  yet  clear. 

*Th»  reseat ch  was  supported  by  Army  ETI,  under  grant  DACA76- 
85-C-0008 


In  most  correspondence-  based  techniques  the  positions 
of  corresponding  points  in  two  views  are  determined  either 
by  using  an  interest  operator  (such  as  Moravec’s[Moral980] 
or  Kitchen  and  Roscnfeld’s  [Kitcl982])  to  select  distinguished 
image  points  which  are  most  easy  to  match,  or  by  using  a 
correlation  measure.  We  investigate  in  this  section  how 
accurately  the  position  of  such  image  points  can  be  deter¬ 
mined.  We  confine  our  discussion  to  interest  points  selected 
by  some  interest  operator,  but  identical  considerations  will 
hold  for  techniques  which  use  a  correlation  measure. 

Techniques  which  select  interest  points  consist  in  opti¬ 
mizing  some  numerical  measure.  The  location  of  the  in¬ 
terest  point  is  then  defined  as  the  center  of  the  pixel  in 
which  the  position  of  the  optimum  lies.  It  then  follows 
that  if  all  that  is  known  about  the  interest  point  is  that 
the  optimum  lies  within  a  particular  pixel,  the  actual  po¬ 
sition  of  the  optimum  is  uncertain — it  could  be  anywhere 
inside  the  indicated  pixel.  We  shall  express  this  by  saying 
that  the  position  of  the  interest  point  is  known  only  to  lie 
within  an  uncertainty  region  R,  which  in  this  case  is  the 
pixel  which  contains  the  optimum.  This  uncertainty  will 
be  called  discretization  uncertainty,  since  it  arises  from  the 
discretization  of  the  image  plane. 

In  general,  image  points  may  not  be  in  the  place  pre¬ 
dicted  by  the  laws  of  projection  because  of  sensor  distortion 
and  aliasing,  in  addition  to  the  above-mentioned  discretiza¬ 
tion  of  the  image  plane,  or  they  may  appear  with  intensity 
different  from  the  laws  of  physics  because  of  sensor  noise 
and  the  quantization  of  grey  levels.  These  phenomena  give 
rise  to  what  are  usually  called  “errors,”  since  they  lead  to 
image  structures  which  do  not  correspond  to  physical  struc¬ 
tures  in  the  environment.  These  “errors”  have  no  meaning 
in  terms  of  the  image,  of  course,  since  their  existence  can  be 
ascertained  only  by  comparison  of  the  image  with  the  3D 
environment  which  gave  rise  to  it.  Since  this  comparison  is 
ordinarily  not  available  for  a  vision  system,  the  concept  of 
“error”  is  not  generally  useful. 

Although  “errors”  cannot  be  experimentally  defined  in 
terms  of  the  image  alone,  the  effects  of  errors  can  be  so 
defined.  Let  us  represent  the  interest  operator  as  a  surface, 
with  the  optimum  corresponding  to  a  peak  in  the  surface. 
We  shall  call  the  position  in  the  image  of  this  optimum 
the  nominal  position  of  the  interest  point  in  question  Er- 
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rors  of  the  sort  noted  above  will  generally  lead  to  surfaces 
which  have  a  broad  peak,  rather  than  the  sharp  peak  that 
would  be  obtained  in  their  absence.  It  is  intuitive  that  the 
broader  the  peak  the  greater  must  have  been  the  effect 
of  “errors”  (whatever  their  source)  on  the  position  of  the 
interest  point  and  the  less  certain  we  should  be  that  the 
position  of  the  peak  corresponds  to  the  position  that  would 
be  found  in  the  absence  of  any  error.  That  is,  the  uncer¬ 
tainty  in  the  position  of  the  peak  should  be  related  to  the 
broadness  of  the  peak;  a  broad  peak  corresponds  to  a  more 
uncertain  position  of  the  peak  than  does  a  narrow  peak. 
If  this  uncertainty  is  ignored,  the  position  of  the  interest 
point  will  be  what  we  have  called  the  “nominal”  position 
of  the  interest  point  We  will  therefore  take  the  adjective 
“nominal”  to  mean  “in  the  absence  of  uncertainty.”  The 
nominal  value  of  a  quantity  Q  will  be  denoted  by  enclosing 
it  in  angle  brackets:  ( Q ). 

We  make  these  observations  more  quantitative  by  defin¬ 
ing  the  uncertainty  region  (UR)  for  the  interest  point  as  the 
largest  connected  set  of  image  points  in  the  neighborhood 
of  the  position  of  the  optimum  of  the  interest  measure  for 
which  the  value  of  the  interest  measure  exceeds  a  certain 
threshold  0.  The  dependence  of  this  uncertainty  region 
oil  the  threshold  is  a  reflection  of  the  fact  that  'here  is  no 
canonical  definition  of  the  “broadness”  of  the  peak.  A  more 
precise  definition  could  be  given  by  fitting  a  Gaussian  sur¬ 
face  to  the  interest  measure  surface,  and  defining  the  UR 
in  terms  of  the  principal  curvatures  (or  standard  deviations 
along  the  principal  directions)  of  the  surface.  Although  this 
would  be  a  more  mathematically  satisfying  procedure,  it 
would  also  clearly  bo  more  computationally  expensive.  We 
therefore  view  the  proper  definition  of  the  uncertainty  re¬ 
gion  for  each  interest  point  to  be  an  experimental  question; 
we  will  not  consider  it  further  in  the  present  work.  If  a 
quantity  Q  is  a  scalar  quantity  (such  as  depth),  the  UR  is 
just  an  interval  /,  which  we  will  write  as 

I=\Qm^-6Q,Qm^  +  bQ\.  (1) 

1  he  fact  that  the  value  Q  is  in  this  interval  will  also  be 
expressed  by  the  standard  notation 

Q  =  Qm'™±6Q.  (2) 

Here  Qm',n  is  just  the  center  of  the  uncertainty  interval, 
and  bQ  is  the  uncertainty  in  Q, 

Since  errors  are  not  defined  in  terms  of  the  image  alone, 
they  are  not  sources  of  information  about  the  image.  How¬ 
ever  the  structure  of  the  interest  measure  around  an  in¬ 
terest  point  is  information  about  the  effect  of  errors  on 
the  image.  Indeed,  it  is  all  of  the  information  that  can  be 
obtained  about  these  errors  from  the  image  alone.  Conse¬ 
quently,  the  calculation  of  uncertainties  can  be  viewed  as  a 
conversion  of  “non  information”  (errors)  into  information. 
This  information  is  not  ordinarily  used.  The  most  impor¬ 
tant  point  of  the  present  work  is  that  if  one  truly  wishes 
to  use  all  the  information  present  in  an  image,  then  the 


uncertainty  in  the  positions  of  interest  points  (or  any  other 
directly  measured  quantity)  must  be  calculated. 

The  definition  of  the  uncertainty  region  for  an  interest 
point  F  is  an  essentially  mathematical  one,  but  should  have 
some  physical  interpretation.  We  propose  that  the  uncer¬ 
tainty  region  should  be  chosen  so  that  it  is  “highly  likely” 
that  the  interest  point  in  fact  lies  somewhere  inside  the  un¬ 
certainty  region.  This  means  that  we  make  the  following 
physical  interpretation  of  the  uncertainty  region,  any  im¬ 
age  point  in  the  uncertainty  region  for  the  interest  point  F 
is  a  possible  position  of  the  interest  point  consistent  with 
the  information  in  the  image.  This  means  that  although  in 
a  particular  experiment  (i.e..  a  particular  image)  we  find  a 
definite  position  for  the  interest  point  (namely,  its  nominal 
position),  any  other  point  in  the  uncertainty  region  could 
have  been  found  as  the  position  of  the  interest  point  (be¬ 
cause  of  the  random  nature  of  sensor  noise,  phase  effects  in 
aliasing,  etc. 

1.1  Combining  Uncertainties 

A  vision  algorithm  will  generally  directly  measure  some 
quantities,  such  as  the  positions  and  grey  level  intensities 
of  image  points,  and  then  use  those  directly  measured  quan¬ 
tities  to  compute  other  (derived)  quantities,  such  as  depths 
or  motion  parameters.  We  discuss  here  how  the  uncertainty 
regions  for  directly  measured  quantities  are  used  to  com¬ 
pute  the  uncertainty  regions  for  derived  quantities. 

Suppose  that  Pi  and  P2  are  two  directly  measured  quan¬ 
tities,  and  that  Q  is  a  quantity  which  is  computed  from  P! 
and  P;.  That  is,  there  is  some  functional  relation  between 
the  values  each  quantity  takes: 

f(PuP2,Q)=0.  (3) 

Suppose  that  we  have  determined  the  uncertainty  regions 
£i  and  R2  for  Pi  and  P2.  Pick  a  point  P ,  in  Rt  and  a  point 
P2  in  R2  and  compute,  from  (3),  the  resulting  value  of  Q. 
If  P\  and  P2  are  then  allowed  to  independently  range  over 
their  respective  uncertainty  regions,  Q  will  range  oversome 
region  R  Owing  to  the  physical  interpretation  we  gave  to 
the  uncertainty  region,  this  region  is  just  the  uncertainty 
region  for  the  derived  quantity  Q.  The  calculation  of  the 
uncertainty  regions  for  the  quantities  computed  by  an  al¬ 
gorithm  will  be  called  an  uncertainty  analysis  (UA)  of  the 
algorithm. 

We  recall  that  the  nominal  value  { Q )  for  a  quantity  Q  is 
the  value  that  Q  would  take  if  uncertainty  were  neglected. 
The  value  on  the  other  hand,  is  just  the  center  of 

the  uncertainty  interval  for  Q.  For  directly  measured  quan¬ 
tities,  we  will  (for  simplicity  only)  in  general  take  these  two 
values  to  be  equal.  For  derived  quantities,  however,  there 
is  no  a  priori  reason  for  the  equality  of  the  “mean”  and 
nominal  values.  Indeed,  in  section  3  we  will  see  examples 
where  these  two  values  differ 
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1.2  Uncertainty  regions  and  probability 
measures 

An  alternative  approach  to  the  analysis  of  uncertainty  can 
he  given  by  ascribing  a  probability  to  each  value  that  a 
quantity  Q  takes.  This  point  of  view  has  been  taken  by 
several  researchers  [Faug86,Matt86].  This  would  be  im¬ 
plemented  by  giving  the  probability  density  p(Q),  where 
P{Q)  dQ  's  probability  that  Q  takes  a  value  between 
Q  and  Q  +  dQ.  One  could  assume,  as  in  photogrammetry, 
[SlamSO]  that  (in  the  absence  of  evidence  to  the  contrary) 
p(Q)  is  a  Gaussian  normal  distribution  centered  at  Q"1'1", 
of  standard  deviation  a.  If  Q  is  a  scalar  quantity  this  will 
take  the  form 


P(Q)  = 


l 


2a- 


(4) 


The  distinction  between  the  this  “probability'1  approach 
and  the  “uncertainty  region”  approach  is  artificial,  since 
the  UR  approach  can  oe  given  a  probability  interpretation 
by  letting  the  probability  density  be  constant  inside  the  un¬ 
certainty  region  and  zero  outside  the  region.  For  instance, 
if  we  write  the  uncertainty  region  as  the  interval  (1),  then 
the  corresponding  probability  approach  is  to  take 

p(Q)  =  ^  <*> 

for  Q  €  /,  and  0  otherwise.  A  rough  comparison  of  the 
UR  approach  with  the  Gaussian  normal  approach  can  be 
obtained  by  taking  6Q  =  a. 

For  simplicity,  we  have  ignored  all  probability  consider¬ 
ations  in  defining  the  uncertainty  regions  for  derived  quan¬ 
tities.  For  example,  although  the  addition  of  two  uncertain 
quantities  (each  having  the  “flat”  distribution  (5))  will  have 
a  “triangular”  probability  distribution  (since  this  is  the  con¬ 
volution  of  two  flat  distributions),  we  will  treat  it  as  “flat.” 

Whether  a  “probability”  approach  using,  for  example, 
a  Gaussian  normal  probability  density,  or  an  “uncertainty 
region”  approach  is  most  appropriate  depends  on  the  par¬ 
ticular  task  at  hand,  the  hardware  on  which  the  algorithm  is 
implemented,  etc.  The  probability  approach  has  the  virtue 
of  being  the  most  elegant  and  mathematically  satisfactory, 
but  it  w ill  generally  involve  more  computation  than  the  un¬ 
certainty  region  approach  We  thus  suspect  that  the  prob¬ 
ability  approach  will  be  of  interest  mainly  in  theoretical 
work,  while  the  UR  approach  will  be  of  more  practical  in¬ 
terest..  We  will  use  only  the  UR  approach  in  what  follows, 
but  the  reader  should  keep  in  mind  that  everything  we  have 
to  say  about  uncertainty  can  be  readily  couched  in  the  lan¬ 
guage  of  probability  densities. 


2  Why  uncertainty  analysis  is  im¬ 
portant 

Uncertainty  analysis  (UA)  is  important,  even  critical,  for 
the  performance  of  some  common  tasks  of  vision  systems: 

•  Obstacle  Avoidance  A  sensor  must  use  an  algo¬ 
rithm  which  computes  the  3D  position  of  objects  in 
the  environment  if  it  is  to  navigate  without  colliding 
with  obstacles.  By  performing  a  UA  of  the  algorithm, 
one  calculates  the  uncertainty  region  for  each  of  the 
obstacles.  This  region  corresponds,  according  to  our 
physical  interpretation,  to  the  possible  positions  of 
the  object,  and  is  therefore  the  region  which  must  be 
avoided  by  the  sensor.  Only  a  portion  of  these  re¬ 
gions  (that  corresponding  to  the  nominal  positions  of 
the  obstacles)  would  be  obtained  if  no  Ua  oi  the 
algorithm  is  performed. 

•  When  an  algorithm  should  not  be  used  If  an 

algorithm  computes  the  value  Q  of  some  quantity  Q, 
but  a  UA  of  the  algorithm  shows  that  the  relative  un¬ 
certainty  in  Q  is  large  ( i.c. ,  close  to  100^),  then  the 
algorithm  will  not  give  accurate  results,  and  so  should 
not  be  used  in  cases  where  precision  is  important.  For 
instance,  highly  accurate  depths  are  required  if  the 
shape  of  environmental  objects  is  to  be  determined 
from  adepth  map.  If  the  algorithm  in  question  gives 
highly  uncertain  depths,  then  it  should  not  be  used 
to  compute  shape.  Again,  without  a  UA  of  the  algo¬ 
rithm,  this  could  not  be  known. 

•  Deciding  between  algorithms  When  two  (or  more) 
vision  modules  (e.g.,  stereo  and  motion)  compute  the 
same  environmental  parameter  (e.g.,  depth),  a  UA 
of  each  will  give  the  circumstances  under  which  each 
module  is  expected  to  give  the  most  accurate  results 
for  the  parameter.  This  can  be  used  to  decide  which 
module  should  be  used  in  order  to  find  the  most  ac¬ 
curate  values  for  the  parameter  (see  section  4). 

•  Calculating  search  regions  In  the  case  of  multi¬ 
ple  frame  motion  algorithms,  or  any  other  algorithm 
in  which  the  positions  of  image  points  are  used  to 
predict  the  search  region  for  further  instances  of  the 
point,  UA  can  be  used  to  constrain  the  search  region, 
and  hence  will  give  a  more  computationally  eflicient 
algorithm  (by  preventing  too  large  a  search  region), 
and  will  minimize  the  problem  of  false  matches  (by 
ensuring  that  the  search  region  is  large  enough  to 
guarantee  the  presence  of  the  desired  match).  Ab¬ 
sent  an  uncertainty  analysis,  those  search  regions  can 
only  be  guessed. 
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•  Generality  Most  vision  algorithms  work  well  only 
on  a  few  images  or  sets  of  inn —a,  and  poorly  on  any¬ 
thing  else.  One  reason  for  lack  of  generality  is 
that  the  performance  of  th<  thin  is  often  highly 
dependent  on  the  values  as  to  certain  weights 
or  thresholds.  In  addition,  these  values  are  often  as¬ 
signed  by  the  experimenter  so  as  to  maximize  this 
performance  on  a  particular  set  of  images.  Since  UA 

vvdl  give  the  uncertainty  in  the  parameters  of  the  algo 
ritlim,  in  certain  cases  the  inverse  of  the  uncertainty 
can  be  used  as  a  weight,  or  to  construct  an  appropri¬ 
ate  threshold.  UA  can  thus  possibly  be  used  to  inter¬ 
actively  set  these  weights  or  thresholds  according  to 
the  uncertainties  found  by  the  algorithm,  and  hence 
could  possibly  lead  to  more  robust  general  purpose  vi¬ 
sion  systems.  Some  efTo*  ts  along  these  lines  have  been 
made  by  Moravec  [Moral980]  and  by  ('arm  iCami83] 
(see  section  3) 

•  Robustness  and  Graceless  Degradation  With 

few  exceptions,  present  vision  algorithms  are  numeri¬ 
cally  unstable  and  fragile  This  graceless  degradation 
is  a  direct  consequence  of  the  sensitivity  of  the  al¬ 
gorithms  to  noise  and  other  “errors.”  An  algorithm 
which  incorporates  an  uncertainty  analysis,  on  the 
other  hand,  takes  such  “errors”  as  part  of  the  infor¬ 
mational  input  to  the  algorithm.  It  is  thus  possible 
that  1  A  may  furnish  a  general  way  of  implementing 
the  principle  of  graceful  degradation  [Mnrr82j  directly 
into  a  computational  theory. 


3  Uncertainty  Analysis  and  Motion 

Uncertainty  analysis  has  important  consequences  for  mo¬ 
tion  algorithms.  In  this  section  we  address  the  implications 
of  l  A  for  two  cases  of  interest  in  motion  research.  We  first 
consider  a  camera  undergoing  uniform  translational  motion 
through  a  rigid  environment.,  i.o.,  there  is  only  a  single  rigid 
object,  namely  the  environment  itself.  In  the  second  case, 
we  consider  the  implications  of  UA  when  the  environment 
consists  of  several  independently  moving  rigid  objects. 


3.1  Uniform  camera  translation  through 
a  rigid  environment 

3.1.1  Basic  Equations 

We  assume  the  usual  geometry  of  perspective  projection, 
as  illustrated  in  Figure  I,  where  we  have  chosen  the  focal 
length  of  the  projection  to  be  unity.  The  camera  coordi¬ 
nate  system  is  denoted  by  (  \  .  I  Z).  As  mentioned  in  the 
introduction,  the  camera  is  moving  with  constant  speed  in 
the  +  /  direction  through  a  rigid  environment,  In  this  case 
the  motion  of  the  image  point  p  of  some  3D  point  /’  is  an¬ 
alytically  simple  [Uongl980];  each  point  p  moves  along  a 
straight  trajectory,  and  and  all  such  straight  lines  intersect 


at  a  single  point  Q.  Since  all  image  points  move  away  from 
0,  this  point  is  called  the  Focus  of  Expansion  (FOE), 

If  we  let  D(t)  be  the  distance  of  p  from  the  FOE  at 
time  t,  and  let  Z(t)  be  the  Z-robrdinate  of  the  3D  point  P 
to  which  p  corresponds,  then  it  is  easy  to  show  [Longl980l 
that 

D(f)  -  D(t)  _  Z(t)  —  Z(t') 

m  z(F)  ’  (6> 

whore  t  and  t'  are  any  two  times.  We  shall  refer  to  Z(t)  as 
the  depth  of  P  at  time  t.  It  follows  immediately  from  (6) 
that  the  quantity  D(t)Z(t)  \s  a  constant  of  the  motion,  i.e., 

D(t)Z(l)  =  D(f)Z(t'] )  (7) 

for  all  t  and  t'. 

We  assume  (without  loss  of  generality)  that  the  envi¬ 
ronment  is  sampled  at  regular  intervals  tn,  where  tn  =  m 
1  ’  •  ■  ^  )■  an(l  T  <s  the  (constant)  interval  between 

successive  frames.  Since  the  motion  of  the  camera  is  unt- 
f  iriii,  we  let  7  be  the  distance  the  camera  moves  toward  the 
environment  in  the  time  interval  t.  We  take  t'  =  <n+l,  t  — 
in  (U>),  and  define: 


Pn  =  D{tny,  Zn  =  Z(tn)  i  ADn  =  Dn+I~Dn 

(see  Figure  2).  Then  since  T  =  Zn  -  Zn+I  for  all  n, 


AIK, 

IE 


IK,  i  -  IK  Zn  -  Z, 


n+l 


IK  cfn+i 

We  ran  then  rewrite  (8)  as 

IK,  i  =  Kjk, 

where 


a, 


n+l 


(8) 


(9) 


l<n  —  1  -f“ 


Z. 


>  A'n-I  >  1.  (10) 


^n,\  Zn,  i  Zn  —  T 
If  we  denote  by  pn  the  position  of  the  projected  environ¬ 
mental  point  P  at  time  then  all  the  pn  (for  n  =  0, . , . ,  jV) 
lie  along  a  line.  Clearly,  the  displacements  of  p  between 
frames  are  constrained  to  lie  along  this  line,  so  we  will  call 
this  line  the  displacement  path  (see  Figure  2). 

If  we  denote  by  r;  the  vector  from  the  FOE  to  pjt  j  = 
0.  .  .  ,  A,  (hen  since  all  the  pj  lie  along  the  displacement 
path  equation  (9)  implies  that 


Uj+i  Anr„.  (D) 

Note  that  |rjj  =  Dj.  Equation  (II)  will  prove  to  be  very 
useful  in  the  following. 


3.1.2  Definitions 

bet  F  be  an  interest  point  in  the  image.  We  denote  by 
I n  'he  instance  of  F  in  frame  n  at  time  t„.  The  position 
of  /„  will  be  the  point  pn  =  ( rn,y„ ).  The  nominal  value 
that  any  quantity  Q  takes  will  be  denoted  by  enclosing  Q  in 
angle  brackets:  ( Q ).  Thus,  the  nominal  position  of  Fn  will 
be  denoted  by  (pn)  =  ((j,n),  ( yn )).  RPcall  that  the  nominal 
value  ( Q )  is  the  value  that  Q  would  have  in  the  absence  of 
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uncertainty.  We  will  refer  to  the  line  that  passes  through 
the  nominal  positionr  of  the  FOE,  F0,  Ft,  . ..,  F„  as  the 
nominal  displacement  path  (NDP). 

As  noted  in  the  introduction,  the  position  of  F„  is  un¬ 
certain  but  can  be  assumed  to  be  in  an  uncertainty  region 
Rn  which  contains  the  nominal  point  (p„).  In  order  to 
investigate  the  situation  analytically,  we  must  make  some 
assumption  about  R„  We  will  choose  Rn  to  be  a  rectan¬ 
gle  Rn  centered  at  (p„),  with  sides  parallel  to  the  x—  and 
y— axes  of  length  2Ax„  and  2  Ay,,,  respectively.  We  will 
denote  these  sides  as  {2Ax„,2Ay„}  Thus, 


appearance  of  the  formulas.  We  then  use  (13)  to  find  the 
allowed  range  of  values  for  Zp. 


£  mean  _  ^  <  £jnean  +  6Zt. 


To  simplify  the  analysis,  we  first  define  the  relative  uncer¬ 
tainty  a  in  D0,  and  the  relative  uncertainty  3  in  A D0: 


6  D0  „_6(AD0) 

{Oo)  ’  1  (A D0) 


(15) 


We  also  define  the  nominal  value  (Zt)  of  Z\  to  be 


(  (l/n)  Ap„  <  yn  <  (yn)  At/„ 

(12) 

We  assume,  similarly,  that  the  location  of  the  FOE  is 
uncertain,  but  lies  within  a  rectangle  R  of  sides  {2Ax,  2  At/} 
centered  at  the  nominal  position  (FOE)  of  the  FOE.  We 
choose  the  coordinate  system  such  that  (FOE)  is  at  the 
origin  (0,0)  of  the  coordinate  system. 

There  are  essentially  two  cases  of  interest  in  this  anal¬ 
ysis.  In  the  first  case  we  assume  that  the  depth  of  the 
environmental  point  is  unknown,  and  calculate  the  uncer¬ 
tainty  in  this  depth  which  follows  from  the  uncertainty  in 
the  positions  of  the  interest  point  in  the  two  frames  (the 
“startup”  process).  In  the  second  case  we  assume  that  the 
depth  (and  its  attendant  uncertainty)  have  been  found  in 
one  of  the  two  frames,  and  use  this  and  the  uncertainties 
in  p0  and  pt  to  find  the  search  region  for  the  interest  point 
in  subsequent  frames  (the  search  portion  of  the  “updating” 
process).  We  will  only  summarize  the  results;  the  details 
of  all  calculations  in  the  remainder  of  this  section  can  be 
found  in  jSnydSGa]. 


3.1.3  Calculating  the  uncertainty  in  depth  which 
follows  from  uncertainly  known  FOE,  F0,  and 
Ft 

We  assume  that  the  FOE  and  the  positions  p0  and  pi  of  the 
interest  point  F  are  known  only  to  lie  inside  their  respec¬ 
tive  uncertainty  rectangles  (see  Figure  3).  We  will  use  the 
positions  and  sizes  of  these  rectangles  to  calculate  both  the 
“best  estimate”  Z™1'’"'  for  the  environmental  depth  Z\,  and 
the  uncertainty  6Z,  in  this  value.  We  have  from  (8)  that 


Zt  = 


1^0  rp 

A/l0  ’ 


(13) 


where  D0  and  AF)0  are  assumed  to  lie  in  the  intervals 


( Do )  —  S  Do  5:  Do  5-  ( A )  +  S  Do , 

(A  A)  -  6(AD0)  <  A D0  <  (A»o)  +  6(AD0),  (14) 


(Zt)  = 


(Do) 

(a/;)0 


(T). 


(16) 


That  is,  (Zt)  is  just  the  value  one  would  expect  from  (13) 
in  the  absence  of  uncertainty. 

We  then  h  ave  that 


Z,me'n±6Z, 


(Dp)  ±  d>I)p 
(AI)o)Tfi(AI)o) 


(Zt) 


1  ±  a 

Ti7’ 


(17) 


from  which  it  follows  that 


*.MP“  =  (zt)-  (is) 

*Zt  =  (Zt)  ■  ~£.  (19) 

Note  that  the  “best”  estimate  Zlmea"  for  Z,  is  not  equal 
to  the  value  (Zj)  which  would  be  obtained  by  substituting 
the  best  values  for  the  other  quantities  into  (13),  Indeed, 
Zrxn  >  (Zt),  equality  holding  only  when  /?  =  0,  i.e.,  there 
is  no  uncertainty  in  A D0.  The  relative  uncertainty  in  Z, 
is,  using  (18)  and  (19),  given  by 


6Zt  _  a  +  3 

Z,me“  “  1  +ap' 


(20) 


At  the  end  of  this  section  we  use  the  result  (20)  to  give 
quantitative  meaning  to  two  well  known  results  in  motion 
analysis. 

in  practice,  the  relative  uncertainty  in  inter  frame  in¬ 
terest  point  displacements  is  often  much  larger  than  that  in 
the  distance  of  interest  points  from  the  FOE.  If  we  therefore 
neglect  a  in  (18)  and  (19), 


prmpan 

/j\ 


cx. 


(Zt) 

l-/*2’ 


6Zt  at  /?Z1m'in, 


(21) 

(22) 


and  T  is  known  accurately  (ST  =  0,  T  =  (T)).  We  have 
equated  the  mean  and  nominal  values  because  the  quanti¬ 
ties  involved  are  directly  measured  quantities.  The  latter 
assumption  is  made  only  for  simplicity  of  exposition;  the 
effect  of  uncertain  T  is  easily  included,  but  complicates  the 


and  hence  the  relative  uncertainty  in  Zt  is  just  equal  to  the 
relative  uncertainty  ,3  in  A A- 

The  expressions  for  a  and  ft  in  terms  of  image  quantities 
depends  on  how  the  NDP  passes  through  the  uncertainty 
rectangles.  In  the  case  (railed  VVV  in  [SnydSGa])  that  it 
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passes  through  the  vertical  sides  of  each  uncertainty  rect¬ 
angle  (see  f  igure  3),  we  find: 

Ax  +  Ax0 
°  ~  <*o)  ' 

a  Ax0  +  Ax, 


(*i)  -  ( *0 ) 

l 

Ax0  +  Ax, 

[<A'o>  -  lj 

(•To) 

1 

Ax0  +  Ax, 

,<Ao>  _  I. 

.  Ax  + Ax0 

Algebraically,  the  case  VVV  corresponds  to  the  condition 

Ay  At/p  Ay,  (y0)  ,,,  , 

Ax’  Ax0’  Ax,  (x0)' 

There  are  two  intuitive  and  commonly  accepted  situa¬ 
tions  in  motion  research  where  depth  estimates  are  unreli¬ 
able: 

•  When  the  interest  point  is  “close”  to  the  FOE 

•  When  the  environmental  correlate  to  the  interest  point 
is  “far  away”  from  the  camera. 

To  our  knowledge  a  serious  quantitative  analysis  of  these 
statements  has  never  been  provided.  We  can  use  the  results 
of  this  section  to  do  just  that.  In  terms  of  the  case  VVV 
given  acre,  and  using  the  equations  (20)  and  (23)  we  find 

•  The  relative  uncertainty  in  the  depth  is  large  when 
the  interest  point  is  “close”  to  the  FOE,  where  “close” 
means  that  either  Ax  +  Ax0  or  Ax0  +  Ax,  is  compa¬ 
rable  to  (x0).  A  sufficient,  but  not  necessary,  condi¬ 
tion  for  this  is  that  Ax0  is  comparable  to  (x0),  i.e. , 
the  uncertainty  in  the  position  of  the  interest  point  is 
comparable  to  the  distance  of  the  interest  point  from 
the  FOE. 

•  The  relative  uncertainty  in  the  depth  is  large  when 

the  environmental  correlate  to  the  interest  point  is 
“far  away”  from  the  camera,  where  “far  away”  means 
that  (Z0)  (F),  i.e.,  the  camera  has  moved  between 

frames  only  a  small  fraction  of  the  distance  to  the 
point. 

The  reader  should  keep  in  mind,  however,  that  equation 
(20)  is  the  mathematical  expression  of  the  results  above. 

3.1.4  Calculating  the  search  region  for  an  interest 
point  in  subsequent  frames 

One  of  the  most  important  uses  of  uncertainty  analysis  is 
to  use  the  uncertainty  in  the  position  of  interest  points  in 
two  frames  of  a  dynamic  image  sequence  and  in  the  posi¬ 
tion  of  the  FOE  to  constrain  the  search  region  for  the  in¬ 
stant  of  the  interest  point  in  subsequent  frames,  The  first 
attempt  at  this  was  made  by  Bharwani,  Riseman,  and  Han¬ 


son  [Bliar85j.  However,  their  analysis  was  essentially  one 
dimensional,  since  they  confined  their  search  to  the  none 
in al  displacement  path.  Although  in  some  cases  this  may 
be  sufficient,  the  uncertainty  region  for  interest  points  is  in 
general  two  dimensional,  and  so  a  two  -dimensional  analy¬ 
sis  is  of  interest.  This  analysis  was  made  in  [SnydSGa)  to 
which  the  interested  reader  is  referred  for  details.  The  gen¬ 
eral  idea  is  to  use  the  uncertainty  regions  for  the  FOE,  F0, 
and  F,  to  compute  the  uncertainty  interval  for  the  depth 
Zx  One  then  neglects  the  uncertainty  region  for  /’„  (its 
presence  will  be  reflected  in  the  uncertainty  interval  for  Z,) 
and  uses  the  uncertainty  interval  for  Z,  and  the  uncertainty 
regions  for  the  FOE  and  F,  to  compute  the  search  region 
for  F2.  One  finds  that  this  search  region  is  the  intersection 
of  the  wedge  lying  below  a  fine  /,mix  and  above  a  line  Lmia 
with  a  rectangle  /f2  (see  Figure  4). 

3.1.5  Uncertainty  Analysis  and  multiple-frame  mo¬ 
tion  algorithms 

There  are  several  implications  of  UA  for  multiple  frame 
motion  algorithms. 

•  UA  can  be  used  to  find,  as  in  the  previous  section, 
the  search  region  for  the  instance  of  an  interest  point 
in  the  second  frame  of  a  sequence,  given  the  UR  for 
the  FOE  and  the  interest  point  in  the  first  frame, 
and  the  uncertainty  in  the  depth  estimate  for  the  en¬ 
vironmental  point  (obtained,  for  example,  from  laser 
ranging  with  an  ER1M).  Without  such  an  uncertainty 
analysis,  the  search  region  can  only  be  guessed  an 
unsatisfactory  situation  for  any  motion  algorithm. 

•  If  the  f  R  for  the  FOE  and  the  interest  point  in  any 
two  frames  of  a  dynamic  image  sequence  are  known, 
then  UA  can  be  used  to  find  both  the  UR  for  the 
depth  estimate  and  the  search  region  for  the  interest 
point  in  any  subsequent  frame.  A  simple  consequent 
of  this  is  that  if  an  interest  point  has  a  large  I  R,  the 
estimate  for  its  depth  will  be  highly  uncertain,  and 
the  search  region  for  further  instances  of  the  point  will 
be  large.  If  one  is  not  interested  in  points  with  large 
uncertainty  (for  instance,  if  one  is  computing  shape 
from  the  depth  map),  then  it  makes  little  sense  to 
follow  this  interest  point  through  the  sequence,  since 
it  will  give  highly  uncertain  depths  (and  hence  be  of 
little  utility),  and  searching  for  it  will  be  very  com¬ 
putationally  expensive.  By  pruning  such  points  from 
the  set  of  tracked  points,  the  computational  efficiency 
of  an  algorithm  will  be  increased  Without  an  uncer¬ 
tainty  analysis,  this  pruning  cannot  be  done  in  any 
sensible  way. 

•  UA  furnishes  a  method  of  refining  depth  maps,  in  the 
following  sense.  The  UR  for  F,  and  F)  will  predict 
a  search  region  Rk  for  Fk  (i  <  j  <  k).  This  search 
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region  represents  the  possible  positions  of  F*,  consis¬ 
tent  v.  ith  the  properties  of  the  previous  images,  Upon 
performing  this  search  and  finding  F*,  one  can  then 
calculate  the  actual  uncertainty  region  for  F*  (recall 
that  this  is  defined  in  terms  of  the  interest  operator) 
Suppose  that  this  observed  uncertainty  region  is  sig¬ 
nificant!;,  smaller  than  the  calculated  searcli  region 
VVe  interpret  this  as  evidence  that  the  uncertainty  re¬ 
gions  f<  r  F.  and  f )  were  too  large  These  can  be 
made  smaller  by  increasing  the  threshold  which  de¬ 
fined  the  uncertainty  region  until  the  search  region 
for  /'*  and  the  observed  UR  for  F*  are  more  nearly 
equal  This  shrinkage  of  the  UR  for  the  previous 
frames  thus  yields  a  less  uncertain  va;  "or  the  depth 

of  the  point  and  hence  will  give  a  ‘  r  search  re¬ 
gion  for  the  interest  point  in  subsequ  t  frame  ,  /he 
important  thing  to  note  about  this  is  that  the  set¬ 
ting  of  the  threshold  bv  feedback  from  subsequent 
frames  has  the  possibility  of  being  made  automatic, 
in  the  sense  that  it  will  be  done  based  on  properties 
of  the  images  alone  no  human  interaction  would  be 
required  This  may  pcssibly  lead  to  more  general 
purpose  and  robust  algoiithms. 

•  A  measurement  of  the  depth  in  any  particular  frame 
of  the  sequence  can  be  considered  as  a  measurement 
of  the  depth  in  any  other  (previous  or  subsequent) 
frame,  since  Mie  motion  of  the  camera  is  known  Con¬ 
sequently,  finding  the  uncertainty  in  the  depth  in  one 
frame  will  in  addition  give  a  value  for  the  uncertainty 
in  the  depth  in  any  other  frame.  Additionally,  one  can 
consider  any  pair  of  frames  as  giving  a  measurement 
of  the  depth  in  one  of  the  pair.  By  taking  this  pair 
very  far  apart  (temporally  ),  the  relative  uncertainty 
in  the  depth  can  be  decreased  (cf.  equation  (20)). 
The  overall  effect  is  that  in  a  sequence  of  A  frames, 
there  will  be  0( X2)  measurements  of  the  uncertainty 
in  the  depth  in  any  particular  frame.  Tnese  uncer¬ 
tainties  can  then  be  statistically  combined  to  yield  an 
uncertainty  in  that  depth  smaller  (by  a  factor  of  order 
,V)  than  any  of  the  particular  measurements  alone 
By  thus  incorporating  UA  into  a  multiple  frame  mo¬ 
tion  algorithm,  one  will  necessarily  acquire  iess  un¬ 
certain  depth  measurements  (and  smaller  search  re¬ 
gions),  and  hopefully  more  accurate  ones. 

Some  of  the  above  suggestions  have  been  incorporated  in 
a  refinement  of  the  algorithm  of  Bharwani,  Risemau,  and 
Hanson  (Bhar80).  We  are  presently  investigating  further 
improvements  in  this  algorithm. 

3.1.6  Minimum  time  intervals  for  the  detection  of 
motion 

if  the  camera  moves  through  a  rigid  environment,  then  in 
order  to  detect  the  relative  motion  between  the  camera  and 
an  environmental  point  located  at  (A ,Y,Z)  =  (d,0,  Z0)  at 


time  tg  thi  n  one  must  clearly  wait  until  the  image  of  the 
point  has  moved  at  least  bn&  h"if  nNel  in  the  image  before 
any  motion  algorithm  will  be  able  to  detect  the  relative 
motion  between  this  point  and  the  camera  If  the  camera 
speed  is  r,  then  a  simple  calculation  [Snyd&Gb]  shows  that 
one  must  wait  until  t  =  t0  - f  Afm jn,  where 


Afmin  — 


Za  1 

~  1  +  25  J- 


(25) 


before  one  will  see  motion  of  the  point.  This  therefore  cor¬ 
responds  to  the  smallest  time  interval  one  can  take  between 
the  frames  of  a  dynamic  image  sequence  if  one  wishes  to  de¬ 
tect  the  motion  of  this  point.  The  quantity  S  is  defined  as 


S  -_= - 

2  tan[q/2] 


(26) 


where  V  is  the  resolution  of  the  image  and  q  is  the  field  of 
view  of  the  camera.  Note  that  S  is  just  the  focal  length  of 
the  camera,  measured  in  pixels.  It  appears  in  (25)  because 
the  units  of  focal  length  must  be  converted  to  pixels  when 
measuring  image  quantities. 

As  a  numerical  example,  suppose  that  th?  camera  is 
attached  to  a  car  moving  along  a  straight  two  lane  road 
at  t>  =  10  km/hr,  and  that  a  stationary  obstacle  (such  as 
another  car)  is  located  in  the  center  of  the  opposing  lane  a 
(■  stance  d  =  3  m  from  the  translational  axis  of  the  camera, 
and  a  distance  Z  -  100m  away  from  the  camera  at  t  =  0. 
bet  .V  -  256  and  q  =  15°.  Then  we  find  that  at  time  t  the 
obstacle  is  a  distance  Z  away  from  the  camera,  and  that 
we  must,  wait  at  least  until  time  t  +  Afmin  in  order  to  sec 
the  image  of  the  obstacle  move  one  half  pixel  from  where 
it  was  at  time  t.  This  is  given  in  Table  1  for  selected  values 
of  I. 

The  interpretation  of  this  table  is  that  there  is  no  point 
in  taking  images  of  the  environment  more  closely  ‘ban  Afmj„ 
apart  if  one  is  interested  in  detecting  the  relative  motion 
between  the  camera  and  this  stationary'  object. 


3.2  The  detection  of  independently  mov¬ 
ing  objects 

When  the  assumption  of  a  rigid  environment  is  relaxed,  and 
independently  moving  objects  in  the  environment  are  al¬ 
lowed,  the  analysis  of  the  previous  sections  does  not  strictly 
hoi  I  Nevertheless,  there  are  some  general  comments  that 
one  can  make  about,  the  implications  of  uncertainty  analy  sis 
for  the  detection  of  independently  moving  objects 

The  segmentation  of  the  environment  into  independently 
moving  rigid  objects  can  be  done  in  either  of  two  ways.  Ui- 
tlu  r  [joint s  in  the  image  are  aggregated  into  regions  of  some 
sort  based  on  the  similarity  of  their  3D  motion  parameter 
|  billin'), RoarSO],  or  on  the  basis  of  similarity  in  image  pa 
.ameters  [Adiv85],  At.  any  rate,  though,  one  does  not  >  ; 

I  sect  that  different  points  (21)  or  3D)  that  in  fact  should 
belong  to  the  same  segment  will  indeed  have  precisely  the 


same  values  for  the  appropriate  parameters.  Consequently, 
in  Older  to  determine  whether  points  or  regions  with  “simi¬ 
lar”  par.  meters  should  be  merged  into  a  single  region  must 


t  (sec) 

Z  (meters) 

^^min  (see) 

0 

100.0 

1.23 

5 

79.2 

0.78 

10 

58.3 

0.43 

15 

37.5 

0.18 

20 

16.6 

0.04 

Table  1  Minimum  time  intervals  for  detection  of  motion, 
involve  setting  a  threshold  which  expresses  how  close  the 
similarity  must  be  in  order  for  the  merging  to  take  place. 
Generally,  this  threshold  is  set  “by  hand.”  But  this  is  ex¬ 
actly  the  kind  of  thing  that  UA  is  supposed  to  deal  with. 
We  outline  here  a  possible  way  of  using  UA  in  this  regard. 
We  believe  that  what  we  have  to  say  here  has  implications 
not  only  for  the  rase  of  motion  or  stereo,  but  in  fact  for  any 
scheme  in  which  segmentation  is  performed  on  the  basis  of 
similarity  in  numerical  parameters. 

Suppose  that  the  decision  whether  two  points  are  part 
of  the  same  “segment”  is  answered  by  performing  a  Hough 
transform  using  a  particular  relation  between  image  points 
and  some  parametrization.  If  two  image  points  are  then 
found  in  the  same  “bucket”  in  the  transform  space,  then 
(modulo  the  uncertainty  due  to  the  quantization  of  the 
transform  space)  they  can  consistent  be  lumped  together 
as  arising  from  an  image  structure  having  that  particular 
value  for  the  parameters.  The  existence  of  a  bucket  with 
many  such  points  in  it  is  then  evidence  that  there  is  a  signif¬ 
icant  image  structure  possessing  parameters  having  values 
corresponding  to  that  bucket. 

In  practice,  the  peaks  in  the  transform  space  have  some 
width  (at  the  very  least,  the  size  of  the  tessellation),  and 
so  the  values  of  the  parameters  corresponding  to  the  peak 
must  have  some  uncertainty  as  well,  which  will  be  related 
to  the  broadness  of  the  peak.  The  net  efTect  of  this  is  that 
significant  image  structures  will  have  parameters  which  are 
not  preiise,  but  rather  must  lie  in  some  region  in  param¬ 
eter  space.  This  region  will  be  the  uncertainty  region  (in 
parameter  space)  for  this  particular  image  structure 

The  decision  whether  two  image  structures  having  un¬ 
certainty  regions  (in  parameter  space)  £,  and  £:,  respec¬ 
tively,  should  be  merged  into  a  single  image  structure  can 
then  be  easily  made.  I  he  two  structures  should  be  merged 
if  their  respective  uncertainty  regions  in  the  parameter  space 
overlap  “significantly,”  and  should  not  be  merged  if  there 
is  no  such  overlap.  This  is  because  of  the  physical  interpre¬ 
tation  we  gave  to  the  uncertainty  region.  “Significant”  can 
be  given  a  quantitative  meaning  by  defining  a  confidence 
measure  which  expresses  how  much  the  two  URs  overlap. 

For  instance,  we  could  define 


con  f ( 1 , 2)  = 


vol[£,  n  £2) 
min  {volj£,| ,  vol  j£;l 


where  vol[£]  is  the  volume  of  R  in  parameter  space.  The 
confidence  level  would  then  be  one  if  one  region  contains 
the  other,  and  zero  if  the  two  regions  did  not  intersect.  This 
confidence  level  could  (hen  be  thresholded  to  determine 
when  the  two  image  structures  should  be  merged.  This 
could  perhaps  aid  in  the  efficient  segmentation  of  images, 
much  a-s  the  confidence  measures  of  Ananadan  |Anan86]  are 
used  to  find  optical  flow.  These  ideas  are  currently  under 
investigation. 

We  also  conjecture  that  there  is  a  significant  connec¬ 
tion  between  the  uncertainty  analysis  suggested  here  and 
the  work  of  Adiv  [Adiv85]  on  inherent  ambiguities  in  the 
detection  of  independently  moving  objects.  This  is  also 
currently  under  investigation 


4  Uncertainty  analysis  and  stereo 
vs.  motion  for  depth  recovery 


4.1  Uncertainty  analysis  far  stereo 

Uncertainty  analysis  can  be  applied  to  correspondence- 
based  stereopsis  algorithms  in  a  manner  similar  to  that  for 
motion  algorithms.  We  align  the  stereo  baseline  along  the 
1  axis  of  (he  image  coordinate  system,  and  assume,  for 
simplicity,  that  the  coordinate  axes  of  the  two  sensors  are 
perfectly  aligned  (that  is,  the  uncertainty  in  these  quanti¬ 
ties  is  zero).  Since  the  images  of  an  environmental  point  in 
the  two  views  must  lie  along  the  epipolar  line,  which  is  par¬ 
allel  to  the  1  axis,  only  the  uncertainty  in  the  x  coordinate 
of  these  image  points  will  be  relevant  to  the  computation 
of  depth.  We  will  let  the  uncertainty  in  these  positions  be 
Axi  and  AxR  in  the  left  and  right  views,  respectively,  with 
similar  notation  for  the  nominal  positions  ( x t)  and  (xR)  of 
the  interest  point.  A  trivial  analysis  then  shows  that  the 
relative  uncertainty  (5t  in  the  depth  Z  of  the  corresponding 
environmental  point  is  given  by 


Gt 


bZ  _  Ax  1,  -f  Axr 


(28) 


We  see  from  this  that  for  fixed  positional  uncertainties 
in  the  interest  point,  the  relative  uncertainty  in  depth  is 
smaller,  the  larger  is  the  nominal  disparity  (A)  =  (rt)  — 

(tr)- 

More  sophisticated  treatments  of  uncertainties  in  stereo 
have  been  made  by  Gennory  (CennSO),  Kamgar  Farsi  [Kamg86], 
and  Matthies  and  Shafer  [Matt8f>],  to  which  the  reader  is 
referred.  I  will  use  only  the  simplified  analysis  above  in 
what  follows 


4.2  Stereo  vs.  Motion  for  depth  recovery 

In  section  3,  1  used  uncertainly  analysis  to  find  the  relative 
uncertainty  (mot  (equation  (20))  in  the  depth  of  an  environ¬ 
mental  point  for  the  rase  of  a  camera  undergoing  uniform 
translation  toward  a  rigid  environment  Using  this  and  the 
result  above,  we  can  compare  the  efficacy  of  stereo  and  of 


>y 


motion  for  depth  recovery  in  this  context.  We  only  outline 
the  results-  details  can  be  found  in  [Snyd86c], 

We  will  consider  only  the  situation  where  the  relative 
uncertainty  in  the  distance  of  the  interest  point  from  the 
FOE  is  negligible  compared  to  that  in  the  inter-frame  dis¬ 
placement  of  the  point.  This  means  that  we  neglect  a  in 
equation  (2n),  and  so,  in  the  case  VVV  considered  in  sec¬ 
tion  3,  we  have 

_  [  f>Z  1  _  Ax0  4-  Ax, 


(x,)  =  (A'o)(x0), 


m°  L^meanJmot  (*,)-(*o)' 

We  define  the  motion  efficacy  parameter  a  to  be  the  ratio 
of  the  relative  uncertainty  in  depth  for  stereo  to  that  for 
motion. a 

=  — .  (30) 

^mot 

Thus,  for  a  >  1 ,  motion  will  give  less  uncertain  depth  values 
than  stereo,  while  for  a  <  I  exactly  the  reverse  obtains.  We 
obtain  from  equations  (28,29)  that 

3  ^  Axt  +  Ax/;  (x,)-(x0) 

Axo  +  Ax,  (xt)-(xfi) 

In  many  cases,  the  first  factor  will  be  of  order  unity,  since 
the  same  kind  of  quantity  (an  interest  operator,  or  a  corre¬ 
lation  measure)  is  being  used  to  find  the  uncertainties,  so 
that  approximately 

„  =*  ~  (32) 

"  (**,)-(*„) 

^  displacement  of  image  point  between  frames 
“  stereo  disparity  of  image  point  between  views 

Thus,  motion  gives  less  (more)  uncertain  depth  measure¬ 
ments  than  stereo  when  the  displacement  of  the  image  point 
between  frames  of  the  motion  sequence  is  larger  (smaller) 
than  the  disparity  between  the  image  point  in  the  two  stereo 
views. 

We  now  investigate  the  physical  circumstances  under 
which  these  situations  eccur.  We  consider  a  physical  situa¬ 
tion  in  which  the  environmental  correlate  P  of  some  inter¬ 
esting  point  p  in  the  image  is  located  at 

X  =  D 
Y  =  0 
Z  =  Z„. 

In  the  case  of  stereo,  the  nominal  positions  of  p  in  the  two 
stereo  views  are  given  by 


(4)  s(Zo±  2Z0)’ 


where  d  is  the  stereo  baseline.  Consequently, 


(xL)-(xR)  =  S  -r , 

where  S  is  given  by  (2G). 

We  have  for  motion  that 


IK  i£°l 

{ho)  (Z0)  -  T 


It  then  follows  that 


Hence,  using  equations  (35)  and  (37),  we  find  that 


(*i)  ~  (fo) 
(xl)  ~  {xr) 


T  >  1  (Z0) 
(Z0)  -  T'  0  S  d 
T  (Z„)  (x0) 

d(Z0)-T  S 

—  T  i  k  \1 £sl 


Equation  (36)  can  then  be  used  to  write  this  in  the  form 

(zi)-(zq)  T(x  ,) 

(xt)-(x*)  d  S  ’  1 

We  conclude  from  (31)  that 


G  - —  ^nos  G, 


where 


pos  ^cam  ^pem 


Axf,  +  Axw 


p08  a  .  A  \  **  / 

Ax0  4-  Axi 

is  the  contribution  to  a  from  the  uncertainty  in  the  image 
points, 

CT«m  =  j  (-12) 

is  the  contribution  to  a  from  the  camera  parameters,  and 

(43) 

We  use  the  subscript  “peri”  to  refer  to  the  latter  contribu¬ 
tion  because  <xp,ri  depends  on  (x,);  the  latter  is  a  measure 
of  how  far  away  the  image  point  is  from  the  FOE,  i.e.,  how 
“peripheral”  the  motion  of  the  object  is. 

The  quantity  (7perj  is  bounded  from  above.  This  follows 
from  the  obvious  fact  that  if  the  image  point  p  is  to  be 
seen  in  the  second  frame  of  the  motion  sequence,  it  must 
be  within  the  boundary  of  the  image.  That  is  (recalling 
that  we  have  chosen  the  direction  of  motion  of  the  camera 
to  be  along  the  Z-axis,  i.e.,  the  FOE  is  at  the  origin  of  the 
image  coordinate  system), 

(x,)<f 

Recalling  the  definition  (26)  of  the  quantity  5,  we  find  that 

„  N/2  iV/2 

fTperi-  5  A7(2  tan  q/2) 


Hence 


^peri  ^  tan  7/2.  (44) 

We  therefore  find  that 


(st _ ,  T  f  Atl  +  Air  )  .  7 

- =  (T  <  —  (  — - - —  )  tan  -  . 

^mot  d  l  1  }  2 


(45) 


If  the  quantity  on  the  right  hand  side  of  this  inequality  is 
less  than  unity,  then  stereo  will  always  give  less  uncertain 
depth  measurements  than  motion.  In  cases  where  the  un¬ 
certainty  in  the  position  of  image  points  is  comparable  in 
stereo  and  motion,  then  the  factor  in  curly  brackets  is  ap¬ 
proximately  unity.  In  thisca.se,  then,  stereo  will  always  give 
less  uncertain  depth  measurements  than  motion  whenever 


T 

—  tan  ^  ~  I .  (4G) 

If  we  define  the  angle  0  to  be  the  angle  which  the  stereo 
baseline  d  subtends  at  a  distance  of  one  inter  frame  camera 
translation  T,  i.e., 

tan  0  ~  Y"  (47) 

then  the  condition  (46)  is  that  the  angle  0  be  greater  than 
or  approximately  equal  to  one  half  the  field  of  v  iew: 


(48) 

If  this  condition  is  satisfied  then  stereo  will  give  less  uncer¬ 
tain  depth  measurements  than  motion.  If  this  condition  is 
not  satisfied,  then  the  question  of  which  will  give  less  uncer¬ 
tain  depth  measurements  is  open,  and  must  be  addressed 
by  consulting  the  expression  for  a  given  in  (40). 

We  summarize  the  results  of  this  section: 

•  In  general,  motion  will  give  less  uncertain  depth  mea¬ 
surements  than  stereo  when  a  >  1,  and  stereo  will 
give  less  uncertain  depth  measurements  than  motion 
when  a  <  1,  where  a  is  given  by  (40): 


T  (*,) 
*  ”  "p0’  d  N/ 2 


•  When  <7pos  —  I,  motion  will  be  less  (more)  uncertain 
than  stereo  when  the  displacement  of  a  point  between 
two  frames  is  larger  (smaller)  than  the  disparity  of  the 
two  points  between  the  two  views. 

•  When  I,  stereo  will  be  less  uncertain  than 

motion  whenever 


d 

T 


•  If  motion  is  less  uncertain  than  stereo  for  any  point  in 
the  image,  it  is  even  less  uncertain  for  more  periph¬ 
eral  points  (assuming  comparable  uncertainties  in  the 
positions  of  the  corresponding  image  points). 


4.2.1  An  example 

We  illustrate  these  results  with  a  numerical  example.  Sup¬ 
pose  that  we  have  a  stationary  object  located  at  (<5,  0  Z)  at 
time  /  =  0.  We  will  assume  that  the  uncertainties  in  the 
positions  of  interest  points  are  comparable  in  stereo  and 
motion,  so  that  <Tp0S  5?  I.  The  motion  efficacy  parameter  is 
then  given  by 


T  (xi)  7 

a  =  -7  irk  <an  -. 
d  A/2  2 

(49) 

Hut 

(50) 

and  hence,  using  the  definition  of  S , 

T  6 

<7  —  -7  - . 

d  Z-T 

(51) 

We  then  have  that  a  —  1  when  Z  =  Zm>x,  where 

Zm»x  =  Tj,  +  *j 

(52) 

Consequently,  <r  >  (<)1  when  Z  <  ( >)Zmix .  Therefore, 
stereo  will  give  less  uncertain  results  than  motion  when 
Z  >  Zmlx,  and  motion  will  give  less  uncertain  results  than 
stereo  when  Z  < 

We  must,  of  course,  require  that,  in  the  case  of  motion, 
the  object  be  visible  in  the  second  frame.  This  means  that 
Z  Zm,T\  where 


y'min  _  rp  , _ 0 

tan(7/2)' 


(53) 


In  summary,  then,  stereo  is  more  accurate  than  motion 
when 

Z  >  (54) 

and  motion  is  more  accurate  than  stereo  when 


Zmia  <  Z  <  Zm,x.  (55) 

In  Tables  2  and  3,  we  give  the  values  for  Zmin  and  Zmix 
(in  meters)  for  stationary  objects  6  =  2,  5  and  10  (me¬ 
ters)  ofT  the  camera's  translational  axis,  and  for  stereo  base¬ 
lines  of  d  —  0.5 meters  (Table  2)  and  d  =  1  0 meters  (Ta¬ 
ble  3).  We  assume  that  the  camera  is  moving  at  10 km/hr 
(=  2.78 m/sec),  taking  one  image  per  second,  so  that  T  = 
2.78m.  We  take  the  field  of  view  of  the  camera  to  be 
7  =  45°. 

It  is  clear  from  this  example  that  an  uncertainty  analysis 
such  as  the  one  performed  in  this  section  can  be  used  to 
decide  (depending  on  the  physical  circumstances)  which  one 
of  two  (or  more)  modules  should  be  used  to  most  accurately 
recover  a  particular  environmental  parameter. 
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b  (meters) 

Zrt"“  (meters) 

Z ml*  (meters) 

2 

7.6 

13.9 

5 

14  9 

306 

UJ 

26.9 

58.4 

Table  2.  Zmm  and  Zml*  for  stereo  baseline  d  =  0  5  meters 


6  (meters) 

Znun  (meters) 

Zmax  (meters) 

2 

7.6 

8.3 

5 

14.9 

16.7 

10 

26.9 

30.6 

Table  3  Zm'“  and  Zmi*  for  stereo  baseline  d  =  10  meters. 


We  have  indicated  in  t his  work  many  possible  applications 
of  uncertainty  analv  , is  to  computer  vision.  We  would  like  to 
mention  only  one  oilier  possibility.  In  many  approaches  to 
computing  the  shape  of  environmental  objects,  the  relative 
position  of  at  least  two  (and  usually  more)  environmen¬ 
tal  points  is  used  to  compute  the  shape  of  environmental 
structures.  If,  however,  the  uncertainty  regions  of  these 
two  points  overlap  'significantly”  (a  quantitative  definition 
of  this  could  be  made  along  the  same  lines  as  that  of  the 
confidence  level  (27)  in  section  3),  then  one  can  argue  that 
the  two  points  are  not,  in  fact,  distinguishable,  and  hence 
the  shape  of  the  <  n\  ironmental  structure  cannot  be  found. 
We  believe  this  of  rvation  has  important  implications  for 
many  “Shape  from  X”  algorithms.  This  idea  is  currently 
under  study. 
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5  Further  applications  of  uncertainty 
analysis 


Figure  4:  The  search  region  x2.  The  shaded  region  is 
the  intersection  of  the  search  rectangle  /ZJ  with  the  “wedge” 
lying  below  and  above  Lmm. 
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No.  Points 
in  Frames 

Equation 

Type 

Results 

Strength 

Limitation 

Source 

OF -f-Depth 

Nonlinear 

Synthetic 

Solve  equations 
using  Hough 

Need  depth 

[2] 

1  in  25s- 

Nonlinear 
Kalman  Filter 

Synthetic 

Large  noise 

Complexity 
manv  matches 

[3] 

100+  frames 

Linear 

Real  data 

No  matches 

Much  data 
complex  for  general 

hi 

2  in  4 

Nonlinear 

Real  data 

Jointed  rigid 
objects 

Parallel  projection 

[5! 

4  in  3 

2n<*  order 
polynomial 

none 

Simple  equations 

no  Structure 

[6] 

2  in  3 

2nd  order 
polynomial 

none 

Simple  equations 

Parallel  projection 
Needs  rotation 

(7] 

1  in  3 

2nd  order 
Polynomial 

none 

Simple  equations 

Rotation  only 

M 

3  in  3 
or  2  in  4 

or  1  in  5 

Mostly  2n(^ 
order 

polynomials 

none 

none 

real  data 

Simple  equations 
no  initial  guess 

Small  motions 

|9] 

4  lines  in  3 

2nc^  order 
polynomial 

Synthetic 

lines 

Simple  equations 

need  initial 
guesses 

(10] 

6  in  3 

Nonlinear 

Synthetic 

Uses  lines 

Sensitive  to  errors 

(11] 

2  in  3 

Mostly  Linear 

Synthetic 

Simple 

only  Parallel 
Projection 

(12] 

5  in  2 

2nd  Order 

Real  and 
Synthetic 

Rigidity 

Constraint 

Only  2  frames 

(13] 

6  in  2 

Linear 

Synthetic 

Rigidity 

Theoretical 

analysis 

Restricted 

surfaces 

[14] 

8  in  2 

Linear 

Synthetic 

Unique 

solution 

Restricted 
point  location 

(15] 

7.  Initial  Guess  Generator 


Table  1-1:  Motion  Estimation  Using  Feature  Point  Matches 

Survey  of  past  results 

This  module  noisy  data,  the  answers  were  reasonable  and  their 
accuracy  was  directly  a  function  of  the  amount  of 
"Relative  Noise"  in  the  input  data.  "Relative  Noise"  is 
defined  as: 

Relative  Noise  = 

The  amount  of  noise  in  the  disparity  vector 


automatically  generates  initial  guesses  based  on  an 
analysis  of  the  formulation. 

8.  General  Motion  Estimator  -  This  module  uses  the 
Gauss-Newton  method  along  with  the  guesses 
provided  by  the  "Initial  Guess  Generator"  to 
iteratively  solve  the  nonlinear  general  motion 
equations. 

(J.  Error  and  Confidence  Evaluator  -  For  each 
computed  parameter  we  calculate  an  estimate  of 
the  error  in  the  parameter,  and  a  measure  of  how 
confident  the  program  is  in  its  estimated  error 
measure. 

Results 


The  length  of  the  disparity  vector 

The  average  time  per  iteration  for  the  case  of  1 
leature  in  5  frames  was  0.556  seconds  and  for  the  case  of 
I  feature  in  0  frames  was  0.813  seconds  on  the  Symbolics 
3610  (with  the  garbage  collector  on).  Note  that  these 
times  are  short,  especially  when  compared  to  the  time 
required  for  feature  extraction  and  matching  (or 
calculating  optical  flow). 


We  have  applied  the  method  to  a  number  of 
computer  generated  test,  sequences  and  a  few  real  image 
sequences.  The  test  data  covered  the  complete  range  of 
possible  motions  from  pure  translation  to  pure  rotation, 
and  included  both  small  and  large  motions.  Using 
stochastical  techniques,  a  thorough  error,  sensitivity,  and 
performance  analysis  of  the  method  was  also  performed. 

On  the  average,  the  program  converged  to  the  right 
answer  for  most  noiseless  data  within  10  iterations.  For 


The  coordinate  system  is  located  at  the  focal  point 
of  the  camera.  It  is  oriented  such  that  the  plane  defined 
by  X-  and  5 -axes  is  parallel  to  the  image  plane,  and  the 
/-axis  is  pointing  away  from  the  camera. 

l  or  synthetic  test  data,  all  measurements  and 
calculations  are  given  in  terms  or  multiples  (or  fractions) 
of  the  focal  length,  which  is  assumed  to  be  1.  For  the 
real  data,  the  focal  length  is  50  millimeters  and  all 
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measurements  and  calculations  are  in  millimeters.  Note 
that  for  the  real  cases,  the  dimensions  of  the  images 
(given  in  x  and  y  directions)  are  36X24  mm.  (for  the 
"Turning  Car"  sequence)  and  36X36  mm.  for  the 
"Crossing  Car"  sequence.  Also,  notice  that  in  all  cases, 
the  calculated  motions  are  scaled  to  the  camera’s  focal 
plane.  (This  was  arbitrarily  chosen  since  the  absolute 
depth  information— the  scaling— is  lost  during  the  imaging 
process.) 

3.1.  Synthetic  Test  Data 

It  is  intended  that  the  results  given  in  this  section 
serve  only  as  examples  of  the  behavior  of  the  program 
under  various  types  of  motion.  One  must  study  the 
statistical  results  reported  in  (lj  and  [l6j  before  making 
any  general  conclusions  about  the  performance  of  the 
program.  Synthetic  test  data  was  generated  to  test  all 
portions  of  the  motion  program.  The  three  test  cases 
reported  here  are  for  general  motion  only. 

1.  Case  #1  -  An  "easy"  case,  where  both  the 

translation  and  rotation  are  large. 

2.  Case  #2  -  A  "typical"  case. 

3.  Case  #3  -  A  "worst"  case,  where  both  the 

translation  and  rotation  are  very  small  This  case 
was  chosen  to  study  the  source  and  effect  of  various 
sources  of  errors. 

Table  3-1  lists  the  parameters  for  each  of  these 
cases.  Note  that  in  this  table  (and  other  tables  in  this 
section),  the  direction  of  the  axis  of  rotation,  which  has 
unit  length,  is  identified  with  the  angles  7  and  X  which 
are  defined  in  Figure  3-1.  The  relative  noise  in  the  Table 
is  caused  bv  the  (simulated)  digitization  process  on  the 
image  plane  (assuming  a  focal  length  of  1,  a  60'  field  of 
view  and  a  512*512  image  plane),  and  represents  the 
average  noise  of  the  disparity  values.  In  this  table,  D 
is  the  average  magnitude  of  disparity  vectors  given  in 
pixel  units. 


Figure  3-1:  Definition  of  Angles:  7  and  X 


For  each  of  these  3  cases,  the  corresponding  motion 
parameters  were  used  to  generate  an  imaginary  moving 
point  in  space.  Then,  the  image  of  this  moving  point  on 
the  image  plane  was  sampled  to  get  our  test  data.  This 
could  give  either  "ideal"  (noise  free)  test  data  or 
simulated  digital  data. 

Table  3-2  has  the  results  for  both  the  5  and  6  frame 
>:tses,  including  the  calculation  errors  and  number  of 
iterations  needed  for  convergence.  The  table  also  gives 
the  range  of  error  and  performance  measures  generated 
by  the  program  for  each  test  case. 

Figure  3-2  shows  the  convergence  of  the  best  3 
guesses  to  the  solution.  Figures  3-3  through  3-5  compare 
the  calculated  3-D  motions  with  the  input  data  for  test 
cases  #1,  #2,  and  #3  (for  both  the  5  or  6  frame  case). 

The  tags  (arrows)  denote  the  location  of  the  input  data 
(hollow  circles)  at  the  time  of  each  frame.  The  curve 
represents  the  calculated  3-D  motion  after  it  is 
interpolated  and  projected  back  onto  the  image  plane. 

As  Table  3-2  shows,  even  though  cases  #1  and  #2 
have  reasonable  errors,  case  #3  has  large  errors.  This  is 
due  to  the  fact  that  the  motion  (and  especially  the 
rotation)  is  very  small,  which  causes  the  following 
problems: 

1.  T  is  so  small  that  its  information  is  lost  in  the 
noise. 

2.  Since  the  axis  of  rotation  is  calculated  by 
computing  the  cross  product  of  two  vectors,  it  is 
sensitive  to  the  noise  in  those  two  vectors.  Thus,  if 
the  relative  noise  in  each  of  those  two  vectors  is 
high,  then  the  noise  in  the  axis  ui  rotation  is  even 
higher. 

3.  Since  the  disparity  vectors  on  the  image  plane  are 
small  (their  average  is  4.9  pixels),  the  relative  image 
digitization  error  becomes  high  (for  this  case  it  was 
14.6%  of  the  average  disparity). 

4.  Because  the  disparities  are  small,  the  matrices  used 
for  the  Gauss-Newton  solution  scheme  become 
nearly  singular,  which  cause  large  errors  during 
their  inversion. 

5.  The  round-off  errors  of  the  calculations  (i.e.  the 
precision  of  the  computer)  start  having 
deteriorating  effects. 

From  this  table  (3-2),  we  may  also  see  that 
observing  an  extra  frame  (the  61*1  frame)  does  improve 
the  results  for  case  #1,  but  not  for  cases  #2  and  #3. 
This  shows  that  observing  more  points  or  more  frames 
does  not  necessarily  improve  the  results.  If  the  additional 
data  introduces  more  noise  than  useful  information,  then 
we  expect  that  the  results  will  become  more  erroneous. 
As  Figure  3-4  shows,  observing  the  6111  frame  introduces  a 
disparity  vector  which  is  even  smaller  than  the  previous 
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disparities.  This  introduces  more  noise  in  the  input  data, 
and  hence,  increases  the  error  of  the  calculated 
parameters. 


It  must  be  noted  that  according  to  the  Table  3-2, 
the  program  has  accurately  assessed  its  performance.  For 
example,  it  gave  small  error  measures  for  test  cases  #1 
and  #2  to  show  the  accuracy  of  the  results.  However,  it 
gave  high  error  measures  along  with  high  confidence 
numbers  for  test  case  #3.  These  show  that  the  program 
is  very  "confident"  that  the  results  are  erroneous. 


Finally,  let  us  note  that  because  of  the  proximity  of 
the  generated  initial  guesses  to  the  solution,  very  few 
iterations  were  needed  for  convergence  (in  cases  #1  and 

#2). 


point  correspondences,  we  used  the  methods  described 
in  [18,  17]  to  segment  the  image  into  regions  and  then 
match  the  regions  on  the  basis  of  their  shape,  size  and 
position.  The  segmentation  program  was  run  on  each 
frame  separately,  without  any  guidance  from  the  previous 
frames,  and  the  matching  was  done  as  a  series  of  pairwise 
matches.  The  feature  points  used  foi  the  motion 
computations  are  the  centers  of  the  regions  in  each  view. 
These  are  the  pointes  plotted  on  the  images  in  the 
display  of  the  results.  The  times  are  for  the 
implementation  on  a  Symbolies  3645  with  garbage 
collection  on  (wliieh  improves  the  perfromanee 
substantially)  and  include  some  overhead  operations,  but 
not  the  display  of  the  results. 


3.2.  Real  Test  Data 

In  this  section  two  sequences  of  real  test  images  are 
treated.  In  these  two  cases,  because  the  exact  motion  of 
the  objeet  is  unknown,  we  can  only  intuitively  determine 
if  the  answers  are  correet.  Plus  we  can  compare  the 
results  for  the  different  points  on  the  object  to  determine 
if  the  results  are  reasonably  consistent.  To  determine 


3.2.1.  Turning  Car  Sequence 

Figure  3-6  shows  6  frames  of  a  turning  ear 
sequence.  This  sequence  was  taken  by  a  motor  dirven 
camera  at  a  rate  of  about  3  frames  per  second.  The  ear 
was  being  driven  at  a  constant  speed  while  turning  in  a 
circle.  The  segmentation  produced  many  regions  in  all 
the  images,  but  most  of  the  regions  represented 
stationary  objects.  The  motion  classifier  determined  that 
most  of  the  sequences  of  five  or  six  matching  regions  (a 
region  that  can  be  traced  through  five  or  six  views  of  the 


Test  Case  #1  Test  Case  #2 


Test  Case  #3 


Motion 

Large  Tr  &  Rot 

Typieal  Tr  &  Rot 

Small  Tr  &  Rot 

T 

(1,2,  3) 

(2,  2,  2) 

(0.01,  0.02,  0.03) 

CRot 

(0,  -1,  2) 

(1,  1,3) 

(5,  5,  10) 

7 

30° 

45’ 

60’ 

X 

30’ 

45’ 

60’ 

e 

45’ 

20’ 

5’ 

RRot 

1 

3 

1 

Rel.  Noise 

3.1% 

0.7% 

14.8% 

DavK  (Pixels) 

65.7 

181.96 

4.94 

Table  3-1:  General  Motion  Test  Cases 


Table  3-2: 


Error  Performance  Results  of  General  Motion  Cases  for  5  Frames 
(and  for  6  frames) 
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scene)  were  pure  or  dominant  rotations.  Many  of  the 
pure  rotation  sequences  are  given  in  the  companion  paper 
[16).  In  this  section  we  will  present  the  results  for  two 
sets  of  points  (see  Figure  3-7  where  the  results  are 
displayed  on  the  fifth  frame  of  the  six  frame  sequence). 
The  sequence  labeled  "1"  corresponds  to  the  passenger 
windows  that  was  matched  in  frames  2  through  6,  thus 
the  last  point  (with  the  pointer)  is  the  location  of  the 
window  in  the  frame  after  the  displayed  image.  Sequence 
"2"  is  the  driver’s  side  tail  light  for  frames  1  through  5. 
The  results  are  summarized  in  Table  3-3. 


Figure  3-2:  Convergence  of  Top  3  Guesses  to 
a  Single  Solution 


5  Frames  Observed  6  Frames  Observed 

Figure  3-3:  Calculated  3-1)  Motion  for  Case  #1 
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Figure  3-4:  Calculated  3-D  Motion  for  Case  #2 
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Feature  #2 


Feature  #1 


Rnt. 


(-0.23,  -0.60,  -10.73) 
(-0.42,  -0.86,  0.30) 


(-0.33,  -0.31,  4.71) 
(0.03  -0.96,  0.28) 


V 

8.N 


0 

69.05° 

23.12° 

(Rot 

(-5.66,  3,46,  50.01) 

(-0.60,  0.46,  49.98) 

4- 

RRot 

0.34 

7.08 

EM/CM 

<  .007-13/70-100 

11-23/56-100 

Time  (Sec) 

82 

5307 

& 

The  first  feature  almost  fits  the  translation  model 
(the  points  appear  almost  along  a  straight  line);  the  small 
radius  of  rotation  shown  in  Table  3-3  agrees  with  this. 
The  second  feature  is  very  close  to  a  pure  rotation,  but 


Figure  3-7:  Comparison  of  Input  Data  (hollow  circles)  to 
Calculated  Motion  (solid  curve)  for  Turning  Car 

the  general  motion  computation  yields  a  better  fit  to  the 
data  than  the  rotation  computation.  The  times  include 
approy.imtely  60  seconds  for  the  calculation  of  the 
possible  initial  guesses  and  the  computation  of  the 
residuals  for  those  guesses.  The  large  time  for  Feature 
#2  is  because  many  of  the  initial  guesses  converged  to  an 
invalid  set  of  coefficients  (C,  and  C4  both  equal  to  0); 
these  values  are  rejected  and  the  next  set  of  guesses  is 
tried  until  a  valid  set  of  coefficients  results. 

3.3.  Crossing  Car  Sequence 

Figure  3-8  ohows  6  frames  of  the  "Crossing  Car" 
sequence.  These  'mages  were  digitized  from  a  video  tape, 
with  one  image  for  each  field  of  the  television  signal  (60 
frames  per  second).  The  first  frame  for  the  matched  data 
is  frame  number  13  with  frame  number  17  (the  fifth  in 
the  subsequence)  used  to  display  the  results.  The  basic 
motion  is  a  translation,  but  because  there  is  some  motion 
of  the  camera  the  apparent  motion  of  the  truck  is  not 
exactly  a  translation.  There  are  two  sets  of  results,  the 
first  is  for  5  frames  (Figure  3-9)  and  the  second  is  for  six 
frames  (Figure  3-10).  The  results  displayed  on  frame 
number  17  have  open  circles  for  the  centers  of  the  regions 
which  were  matched  in  the  input  sequence.  Tables  3-d 
and  3-5  summarize  the  motion  parameters  for  these  two 
sets  of  results. 

Feature  point  1  (Figure  3-9  and  Table  3-4)  and 
Feature  points  1  and  2  (Figure  3-10  and  Tabic  3-5)  are 
points  on  the  body  of  the  truck.  The  first  few  feature 
point  locations  are  closer  together  because  the  entire 
truck  was  not  visible  in  these  frames.  Feature  point  2  (5 
frame  case)  is  the  front  wheel.  Feature  point  3  (5 


frames)  and  Feature  points  3  and  4  (6  frames)  are  the 
rear  wheel  of  the  truck.  The  motions  for  the  wheels 
(both  the  front  and  rear,  for  both  the  five  and  six  frame 
cases)  are  consistent  with  each  other;  the  translations  and 
rotations  are  very  similar.  The  primary  motion  is  from 
the  translation,  with  the  rotation  accounting  for  the 
slight  up  and  down  motion  caused  by  the  camera.  Even 
though  the  amount  of  rotation,  8,  is  large,  the  radius  of 
rotation  is  small.  Hence  the  the  translation  component 
contains  most  of  the  motion  information. 

The  motion  for  the  cab  of  the  truck  differs  beacuse 
the  location  used  for  the  region  is  its  center  and  the  first 
few  views  do  not  include  the  entire  truck  body.  For  (his 
case,  the  motion  computed  fiom  six  views  was  much 
closer  to  the  motion  computed  for  the  wheels.  Since  the 
Z-component  of  the  translation,  Tj,,  is  calculated  from 
the  differences  of  the  spacing  of  the  points  on  the  image 
plane,  small  perturbations  of  these  points  can  translate 
into  large  values  for  Ty.  This  cause:  the  inconsistencies 
for  the  Z-component  in  both  sets  of  data  (5  frames  and  6 
frames),  while  the  X-  and  Y-components  are  consistent. 

The  highest  error  measures  (EM)  and  the  lowest 
confidence  measures  (CM)  are  for  the  computation  of  the 
Axis  of  Rotation  (Ajjot).  Thin  should  be  expected  since 
Ar0(,  is  calculated  form  the  cross  product  of  two  vectors 
and  hence  is  sensitive  to  noise  in  each  of  those  vectors. 
The  times  include  approximately  60  seconds  for  the 
computation  of  the  initial  guesses  for  the  5  frame  case 
and  300-400  seconds  for  the  6  frame  case.  The  extreme 
time  for  Feature  #1  (Table  3-4)  is  caused  by  the 
rejection  of  coefficients  that  are  almost  zero  and  the  need 
to  try  more  of  the  possible  guesses  until  a  valid  set  of 
final  coefficients  is  obtained. 

4.  Conclusions 

We  have  presented  the  results  for  the  computation 
of  three-dimensional  motion  parameters  by  using  one 
point  in  five  frames.  This  method  was  tested  on  a  set  of 
synthetic  data  to  prove  the  concept  and  on  a  collection  of 
real  data  to  illustrate  that  it  can  work  well  with  errors 
from  realistic  inputs. 

Contributions  of  this  work  include: 

•  Development  of  an  efficient  method  using  the  time 
flow  information  from  three  or  more  frames  in  a 
sequence. 

•  Development  of  a  scheme  for  automatically 
generating  initial  guesses  for  the  solution.  The 
implementation  of  the  three  point  in  three  frame 
case  should  result  in  an  even  better  performance 
with  real  data. 

•  Generation  of  natural  parameters  of  motion,  which 
si:nrlifie  comparison  of  results  from  one  frame  to 
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This  work  is  not  a  complete  motion  analysis  system, 
hut  is  an  important  part  of  the  final  system.  There 
remains  much  work  in  combining  the  motion  estimation 
and  prediction  capabilities  with  feature  based  matching 
systems  to  expand  the  capabilities  of  both  the  matching 
system  and  the  motion  estimation  system. 


the  next,  and  accurately  predicts  the  position  of  the 
object  in  subsequent  frames. 

Development  of  a  robust  software  system  which  has 
been  run  on  a  number  of  different  motion 
sequences. 

Use  of  data  from  existing  image  matching  methods 
for  motion  analysis. 


(a)  1st,  2,  and  3rd  Frames  (b)  -t  ,  5th,  and  t>h  Frames 
Figure  3-8:  Six  Frames  of  the  Crossing  Car  Sequence 
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ABSTRACT 

The  3D  motion  of  an  object  having  planar  faces  is  traced, 
starting  from  a  known  position,  from  a  sequence  of  2D  per¬ 
spective  projection  images  without  using  any  knowledge  of 
point-to-point  correspondence.  Computation  is  based  on  the 
shape  of  the  region  op  the  image  plane  corresponding  to  a 
planar  face  of  the  object.  Given  two  images,  a  heuristic  guess 
about  the  motion  is  first  computed,  and  one  image  is 
transformed  according  to  this  estimated  motion  so  that  it  is 
positioned  close  to  the  other  image  Then,  the  motion  that 
accounts  for  the  remaining  small  discrepancy  is  estimated  by 
measuring  numerical  features  of  the  planar  regions.  The 
scheme  is  based  on  the  optical  flow  due  to  infinitesimal 
motion,  and  estimation  is  done  by  solving  a  set  of  simultane¬ 
ous  linear  equations.  This  process  is  iterated;  after  each  esti¬ 
mate  of  the  motion,  one  image  is  transformed  according  to  the 
estimated  motion  so  that  it  is  positioned  closer  and  closer  to 
the  target  image.  Various  practical  issues  such  as  choice  of 
features,  constrained  motions,  face  identification,  and  compu¬ 
tation  of  features  without  actually  transforming  the  images  are 
discussed.  Some  numerical  examples  are  also  given. 

I.  INTRODUCTION 

Detection  of  the  3D  structure  of  a  moving  object  from  a 
sequence  of  2D  images  is  one  of  the  most  important  prohlems 
in  computer  vision  and  is  often  referred  to  simply  as  “struc¬ 
ture  from  motion”  The  problem  takes  considerably  different 
forms  according  to  the  magnitude  of  motion  that  takes  place 
between  two  successive  frames,  i.e.,  “finite  motion”  or 
‘infinitesimal  motion”. 

Given  a  point-to-point  correspondence  between  two  suc¬ 
cessive  frames,  vectors  are  obtained  on  the  image  plane  indi¬ 
cating  where  each  point  moves  from  one  frame  to  t'“  next. 
Let  us  call  these  vectors  the  displacement  field.  If  i..,*.  motion 
is  infinitesimally  small,  the  displacement  field  is  identified  with 
the  velocities  of  image  points  (the  time  interval  between  the 
two  frames  is  regarded  as  unit  time)  and  is  often  termed  the 
optical  flow. 

Analysis  of  the  displacement  field  is  done  by  solving  a  set 
of  simultaneous  equations  which  requires  rigidity  of  the  object, 
i.e.,  constancy  of  length  and  angK  Unfortunately,  these  equa¬ 
tions  are  usually  non-linear  equations  of  a  complicated  form, 
so  that  their  solution  is  given  only  by  numerical  schemes  23, 
25,  29,  30],  The  analysis  becomes  simpler  to  some  extent  for 
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optical  Hows  resulting  from  infinitesimal  motion  [9,  31],  and 
exact  analytical  solutions  have  been  obtained  in  closed  forms 
when  the  object  is  a  planar  surface  18,  19,  24,  28]. 

The  most  serious  drawback  of  this  type  of  analysis, 
whether  for  the  displacement  field  or  for  the  optical  flow,  lies 
in  the  difficulty  of  finding  the  exact  point-to-point  correspon¬ 
dence.  Many  techniques  of  detecting  the  displacement  field  or 
optical  flow  have  been  proposed  1,  6  -  9,  11  12,  21  26,  30], 
but  they  consume  considerable  computation  time.  Correspon¬ 
dence  cannot  be  obtained  in  regions  where  occlusion  takes 
place,  Even  if  no  occlusion  is  involved,  existence  of  noise  or 
misdetection  of  correspondence  is  inevitable.  All  the  above 
mentioned  analyses  arc  known  to  be  very  vulnerable  to  noise 
(ef.  Adiv  [2],  Tsai  and  Huang  [29]).  Therefore,  schemes  of  3D 
recovery  which  do  not  require  correspondence  are  desired. 

There  exist  methods  of  computing  the  optical  flow  that 
do  not  require  detection  of  feature  points  or  point-to-point 
correspondence  when  planar  regions  are  identified.  Waxman 
and  Wohn  [32]  obseived  time  varying  contour  images.  Kana- 
tani  [13  -  17]  computed  a  set  of  numerical  features  (which  are 
also  called  properties  in  Rosenfeld  and  Kak  [26]),  measuring 
characteristics  of  the  shape,  such  as  area,  contour  length,  cen¬ 
troid  and  moments  for  a  planar  region  in  each  frame.  How¬ 
ever,  since  these  methods  are  based  on  optical  How,  they  can 
be  applied  only  to  infinitesimal  motions. 

After  many  attempts,  researchers  today  seem  to  have 
agreed  that  simultaneous  detection  of  both  structure  and 
motion  from  an  image  sequence  based  on  point-to-point 
correspondence  is  extremely  difficult  and  hence  impractical. 
Now,  attempts  are  being  made  to  determine  the  structure  and 
motion  separately.  For  example,  Lin  et  al.  [22]  proposed  to 
use  stereo  to  determine  the  position  of  the  object  in  each 
frame  and  then  compute  the  motions  that  have  taken  place 
from  frame  to  frame.  Computation  is  based  on  several  feature 
points  taken  from  the  object  image.  According  to  their 
scheme,  detection  of  point-to-point  correspondence  is  necessary 
for  stereo  matching,  but  no  correspondence  is  required  between 
image  frames  taken  at  different  times.  Aloimonos  and  Basu  [3] 
also  proposed  to  use  two  cameras  and  feature  points  taken 
from  the  object  image.  They  showed  that  even  the  point-to- 
point  correspondence  for  stereo  matching  is  not  necessary  if 
the  object  is  a  planar  surface. 

Another  issue  is  the  ambiguity  of  the  interpretation; 
there  exist  multiple  solutions  which  correspond  to  the  same 
displacement  field  or  optical  How.  One  way  to  avoid  this 
indeterminacy  is  to  trace  the  motion  starting  from  a  known 
initial  position  detected  by  some  other  means  -  range  sensor  or 
stereo,  for  example.  This  idea  combined  with  the  correspon- 
denceless  approach  was  also  proposed  by  Kanatani  [13  -  17]  for 


704 


*  .  •  g  ' 


-  i 


vV..v" 


3$ 


( 


S'JCCv 
•  *\  *v 

v\  V 


< 


1  / 


>.W> 


a  sequence  ol  infinitesimally  small  motions. 

In  this  paper,  we  propose  a  new  scheme  lo  trace  the 
motion  of  an  object  from  a  known  initial  position  without 
using  point-to-point  correspondence.  Furthermore,  the 
motions  need  not  be  infinitesimally  small.  The  time  interval 
between  successive  frames  can  be  arbitrarily  long  as  long  as 
the  object  of  interest  is  always  seen.  Here,  we  assume  that  a 
planar  face  of  the  objeet  is  identified.  The  motion  is  computed 
by  measuring  numerical  ‘features”  characterizing  the  shape  of 
the  planar  region 

This  type  of  approach  was  first  tried  by  Cyganski  and 
Orr  10]  under  restricted  situations.  They  assumed  that  the 
projection  is  orthographic  and  that  the  initial  frame  gives  the 
image  of  a  planar  region  parallel  to  the  image  plane  They 
computed  various  moments  of  the  planar  region  before  and 
after  the  motion  and  reeonst ructed  the  “affine”  transformation 
resulting  from  the  motion,  so  that  information  about  depth 
eould  not  be  obtained  In  this  paper,  on  the  other  hand,  we 
assume  perspective  projection  and  the  position  of  the  object  is 
arbitrary  in  the  first  frame 

first,  given  two  images  of  successive  frames,  a  heuristic 
guess’  about  the  motion  is  computed,  and  one  image  is 
transformed  according  to  this  estimated  motion  so  that  it  is 
positioned  close  to  the  other  image.  Then,  the  motion  that 
accounts  for  the  remaining  small  discrepancy  is  estimated  by 
measuring  numerical  "features”  characterizing  the  shape  of  the 
planar  region.  Estimation  is  clone  by  solving  a  set  of  simul¬ 
taneous  linear  equations  based  on  the  equation  of  optical  flow 
developed  by  Kanatani  ilfi,  17,  This  process  is  iterated;  after 
each  estimate  of  the  motion,  one  image  is  transformed  accord¬ 
ing  to  the  estimated  motion  so  that  it  is  positioned  closer  and 
closer  to  the  target  imago. 

The  application  of  our  procedure  is  not  limited  to  motion 
detection.  Evidently,  the  same  procedure  can  be  used  to 
determine  the  orientation  and  position  of  a  stationary  object 
in  the  scene  when  the  shape  of  the  object  is  known  and  stored 
in  a  data  base.  Since  the  shape  is  known,  we  can  generate,  say 
by  a  computer  graphics  technique,  the  projected  image  of  the 
object  when  placed  in  an  appropriate  posit  ion  and  orientation 
We  can  locate  the  object,  by  computing  the  “motion”  between 
this  reference  image  and  the  observed  image. 

Various  practical  issues  which  become  relevant  in  imple¬ 
mentation  are  discussed,  including  the  choice  of  features,  con¬ 
strained  motions  and  face  identification.  We  also  discuss  a 
method  of  computing  features  without  actually  transforming 
images  by  introducing  the  “conjugate  feature  transformation” 
This  method  makes  it  possible  to  do  all  the  computations  on 
the  initially  given  images  alone. 

We  give  some  numerical  examples.  We  also  test  noise 
sensitivity.  Our  scheme  turns  out  to  work  well  for  a  very 
large  motion,  and  the  computation  is  very  robust,  to  noise 
added  to  the  images  and  input,  data. 


2.  DISPLACEMENT  FIELD  AND  OPTICAL  FLOW 


2.1  Geometry  of  Perspective  Projection 

Consider  an  .rye-coordinate  system  lixed  rn  the  scene,  and 
regard  the  try-plane  as  the  image  plane .  We  regard  point 
(0,0,-/)  on  the  negative  side  of  the  2-axis  at  distance  /  from 
the  ry  plane  as  the  viewpoint  or  camera  focus,  and  call  /  the 
focal  length.  A  point,  in  the  scene  is  projected  to  the  intersec¬ 
tion  of  the  try-plane  with  the  ray  connecting  the  point  and  the 


viewpoint  (Fig.  I),  lienee,  a  point  (A  Y.Z)  is  projected  to 
point  (i.y)  on  the  image  plane,  where 

i  -Q—  y  -Q—  (2  1) 

f  +  Z  y  f 4  z  1  ’ 

This  perspective  projection  reduces  to  orthographic  projection 
in  the  limit  of  /— » oe. 

Consider  a  planar  surface  5  in  the  scene,  and  let 
Z  --  pi  +  qy  +  r  be  its  equation.  We  call  ;> ,  q ,  r  the  surface 
parameters  of  the  plane  The  31)  position  of  a  point  is 
recovered  from  its  image  if  the  point  is  known  to  be  on  the 
surface,.  Namely,  point  {i,y)  is  back-projected  to  point 
(.V,  Y,Z),  where 


\  (/ 1  r  )i  y  {f  r)y  y  /(pi+qy  +  r) 

f  py  qy  f  pi  <l'J  f  pi  qy 


2.2  Finite  Motion  and  Displacement  Field 

Consider  another  planar  surface  S'  in  the  scene.  Suppose 
we  observe  surface  S  at  time  I  and  surface  S'  at  time  t'  and 
we  are  required  to  determine  the  motion  in  between  In  order 
to  specify  the  rigid  motion,  choose  an  arbitrary  reference  point 
(X0,)'0,ZQ)  on  the  surface  S.  For  example,  if  the  surface  5  is 
bounded,  we  may  choose  an  arbitrary  point  (jn,t/0)  inside  the 
bounded  region  and  backprojeet  it  onto  the  surface  S  by  eqns 
(2.2).  Then,  the  motion  is  specified  by  the  translation  (a,6,c) 
of  the  reference  point  and  the  rotation  R  ( r„ )  around  it  (Fig. 
2).  We  call  ri}]  ij  1,2,3,  and  a,  6,  c  the  motion  parameters. 
This  motion  maps  point  ( X  Y  Z )  on  the  surface  to  (A Z'), 
where 
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p'i  +  q'y+r'  by  the  motion  (2.3),  where 


pi+qyjr  is  mapped  to  surface 


ruP+rn'l  ri3 

r:uP  \  r32q  r33  ’ 


r2l  P  *~r22<l  r  23 
r 3lP  +r32?  "  r 33 


r'  (Z,r t  c  )  ( A  0  f  u  )/>'-(  >  n-t  b)q' 


If  we  substitute  eqns  (2.2)  in  the  right-hand  side  of  eqn 
(2.3)  and  put  i'  fX'/(f  f  Z')  and  y'  fY'/(f  +  Z'),  we  obtain 


Proposition  2  (Displacement  Field).  Point  (i,y)  on  the  image 
plane  is  mapped  to  point  ( i',y ')  by  the  motion  (2.3)  according 
to 


A  ux  t  A  )2y  i  A  i3 / 
i  f - ,  y' 

.1  -  i  t  - .  i  .4  t  ’  & 


A  si  i  -+  A  ;i2y  4  A  33 J 


,  .All!  Mgy+AaJ- 

4  31 1  A  l  32!/  t  .1  33/ 


An=  (/'(A'o‘ «)  (/'  V„  4  /  +  r  )r ,  |  pY„rl2  p(Z„Af)rn), 


A  12=  -j—(q{A'o-a)  qXnr , ,  (</),,  b/+  r  )rl2-  ?(Z04/)r  ,  3), 


A  13—  j  —(A  of®  r  1 1  -A  0  r  12  1  (i  r 13(^0  r  )), 


A2L  — r'(p(Y0'b)  (pX„  t/4  r)r2,  ;<>0r22  p(Za+f)r  23), 


-’'►'A*'*,.  A  A  M  *  ***•  ,  m  «  „  «  A  „  •  *  •  .  *  „  *  j.  "  .  "  *  •  -  *  «,  "  *  »  * ».  >>  >  *  «■  *  m  >  **•  j*  w"  ** 
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men t  field  of  eqns  (2.5)  into  image  V(a\y).  Since  we  know  the 
surface  parameters  p,  q,  r,  we  can  repeat  the  same  proeess  by 
measuring  the  features  of  image  X(x,y).  (There  exists  a 
method  to  compute  these  features  from  the  original  iamge 
X  (x,!/)  without  actually  doing  image  transformation;  ef. 
Appendix  A.)  At  this  stage,  we  compute  the  motion  with 
respect  to  the  new  reference  point  (A'0,  E0,Z„),  where 


A0  Au+«,  )u  1  n+6,  Z(r  Z0+c.  (3.6) 


Thus,  the  new  motion  parameters  a,  b,  c,  12,,  f22,  12;i  of  the 
next  step  are  given  by  solving 


C‘("[.Vj  G/11!*)  C‘r">(*|  c8}[X  C$\X  C$[X i 

a 

C‘i2)l*  C‘P\X  ]  Cf  1]  A]  c%  [*]  CtfJ  [.V]  C'tfJ  ].\  ] 

b 

c 

n. 

o2 

F23 

F(l>  X'\ 

/-'(')  .A']  1A%\ 


(3.7) 


Now,  we  obtain  the  rotation  matrix  R  by  eqn  (2.7)  by 
putting  12  y/f},2 1  12./ 4  f]32  and  substituting  12  12, 
ti]  1 2 1  1 2 ,  « jj-  12i/12,  123/12  in  it.  The  composition  of 

two  motions  specified  by  motion  parameters  r,y,  a  ,  b  ,  c  and 
r,j ,  a,  b  r  is  given  as  follows: 

Proposition  5  (Rule  of  Composition).  The  composition  of  a 
motion  specified  by  motion  parameters  a,  b,  c,  R  ( )  with 
respect  to  reference  point  (.V0,  }'(),Z0)  followed  by  a  motion 
specified  by  motion  parameters  a,  b,  c,  R  ( r y),  with  respect 
to  reference  point  (.Y0,  E0,Z0)  is  equivalent  to  a  motion 
specified  by  motion  parameters  a',  b',  c\  R'  ( rtJ ') ,  with 
respect  to  reference  point  (A’n,  E0,Z0)  defined  as  follows  (Fig. 

3): 

«'  a+n,  b'  h  4  h  ,  c'  c  +  c  ,  R'  RR  (3.8) 


Using  r,/,  a',  b',  r1  as  improved  estimates  of  the  motion 
parameters,  we  repeat,  the  whole  procedure  until  all  features 
/A  1  A  become  sufficiently  close  to  /‘^'*[.V'|  of  the  next  frame. 


4.  FEATURES  OF  PLANAR  REGIONS 

4.1  Consistency  of  Features 

A  good  choice  of  features  is  essential  to  the  present 
scheme.  It  is  crucial  that,  the  features  be  consistent  in  the 
sense  that,  they  must  faithfully  respond  t.o  image  distortions 
due  to  312  motion  alone  and  should  not  be  affected  by  other 
factors  such  sis  reflectance  changes.  Originally,  characteriza¬ 
tion  of  <111  image  by  “features”  (or  “properties”)  was  proposed 
for  gray-level  images  (Amari  [4,  5],  Roscnfeld  and  Kak  [27],  cf. 
\ppcndix  15).  For  gray-level  images,  however,  we  must  impose 
the  consistency  requirement  that  the  gray  levels  are  inherent 
to  the  object  itself  and  that  they  arc  not  affected  by  viewing 
angle  and  reflectance  changes.  This  assumption  is  sometimes 
satisfied  c.g.,  when  chromat, icily  is  measured.  However,  in 
most,  cases,  the  absolute  values  of  gray  levels  do  not  neces¬ 
sarily  reflect  only  the  physical  properties  of  the  object,  but  are 
affected  bv  numerous  factors  such  a.s  lighting,  camera  cliarac- 
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teristics  and  digital  image  processing.  Henee,  it  is  desirable  to 
use  as  features  more  stable  characteristics  such  as  marked 
feature  points,  line  segments,  edges  and  contours 


4.2  Dot  Features 


If  we  can  identify  specific  dots  in  the  region  S  of  the 
image  plane  under  consideration,  we  ean  define  a  feature  as 
the  summation 


l'[X\  £  m{xi  y, ) , 

P,cS 


(4.1) 


of  the  values  of  an  arbitrary  weight  function  m(x,y)  over  the 
position  P(r,,t/i)  of  the  dots.  This  is  possible,  for  example,  if 
the  object  surface  is  textured  with  dots  whielt  are  clearly 
visible  and  identifiable  in  eaeh  frame.  However  a  one-to-one 
correspondence  between  the  dots  is  not  necessary.  This  type 
of  feature  was  used  by  Kanatani  and  Chou  [20]  in  the  “shape 
from  texture”  problem  Another  possibility  is  to  use  charac¬ 
teristic  points  of  eontours.  If  the  planar  region  in  question  is  a 
polygonal  faee  of  an  object,  the  corner  points  can  be  used  as 
stable  feature  points. 

If  each  feature  point  (ar,- , y,- )  is  displaced  by  (At,-  ,Ay,-),  the 
value  of  F[Ar]  changes  by 


A/-'  '.V| 


pj  dx  *  dy  (a'*-y*)AVi+  ■  ’  ■  (4.2) 


where  .  .  denotes  higher  order  terms  in  At,  Ay.  Substituting 
the  equations  of  optical  flow  (2.10),  we  find  the  functionals 

eg *1,  eg*],  CA[X),  cB [X],  Cc[x\,  CD\X),  c£[..v],  cF\ x\ 

in  the  form 


P.tS 


P.tS 


dy 


Ca  I*]-  £  L  ^(T,  ,y,),  CB  [*]=  £  y,  *™“(t,  ) 


dm , 


P,tS 


dx 


P,tS 


dx 


C'cl*HEh|(  CD[X]=  £y{^(T(,y|.),(4.3) 


dm  , 


P.tS 


dy 


P,iS 


dy 


C*i*]=  £  [t,  2-^~(t,-  ,!/i )+t,- y,  ~~— ( t,-  ,y,- )], 


dm  , 


P,tS 


dx 


dy 


^1*1=  E  hi h^i,yi)wr^i,yi)Y 


P,(S 


Thus,  if  we  take  six  independent  functions  m,-( T,y), 
1  1,  ...  ,6,  we  obtain  the  corresponding  features  /*“ - 1  Ha" ]  in 

the  form  of  eqn  (4.1),  and  C0('>[A'],  C,j(,'»[*|,  C^A'],  (\ (')[*], 

cfi*].  4g*i,  «  1,  -  ,  6,  are  given  by  eqns  (3.4). 

lienee,  the  motion  ean  be  recovered  by  the  procedure  described 
in  the  previous  section. 


4.3  Line  Features 


If  we  ean  identify  specific  line  segments  in  the  planar 
region  S  under  consideration,  we  ean  define  a  feature  func¬ 
tional  as  the  sum  of  the  line  integrals 


r\x\  E  /,  m(x,y)ds 


L,CS 


(4  1) 


of  an  arbitrary  weight,  function  m(x,y)  along  each  individual 
line  segment  /.,-  in  the  planar  region  S.  Again,  this  type  of 
functional  can  be  applied  if  the  surface  is  textured  by  clearly 
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Z o'  (L0/l0'-\)f  Vo'  (Z0'//+ 1)10',  Y0'  iZn'  f+\)y0'  (5.3) 

fF'jg.  1)  We  use  the  following  motion  as  the  initial  adjust¬ 
ment  : 

a  V0'  Y0,  b  1  >■„.  r  Z„'  Z„,  fi,  S22-  Sl3  0.(5  1) 

From  the  second  iteration,  we  use  the  scheme  described 
in  Section  3,  As  the  weight  functions,  we  use 

tn  •(/,!/ )  Ml.  ni.J.r.y)  -  (.r  -  ,r0) m3(r,y)  -  (y  t/n),  7, 


"  u(j-ir) 


(j  If,)2  I".  m,U,y)  (-1  J-oKs  Vu)d2,  tns{s,y)  (y 
m7(r.y)  (j  j-0) '  /'*•  (■r  •ro)2(»  ?j)/<3. 


Vof'2- 

(5.5) 


mu(/,y)  (/  /„)(;/  j/,,)"  '» io(-rd/ )  (</  yU)J  /3- 

where  /  is  nnothev  measure  of  the  size  of  the  region  A  defined 


by 

/=max{|/,  70|,|y,  t/o| }  (5  6) 


Since  we  obtain  ten  equations  for  six  unknowns  in  the 
form  of  eqns  (3  5)  and  (3.8),  we  use  the  least,  square  method  to 
solve  them.  Since  the  computation  is  iterative,  the  weight 
functions  m, ( J", y ),  f  1  ....  10  of  eqns  (5.5)  and  the  size  /  of 
(56)  are  revised  at.  each  iteration  step,  (We  use  size  /  of  eqn 
(5.6)  instead  of  size  l0  of  eqns  (5.1)  simply  because  size  /  is 
computed  faster  than  size  l0.)  In  the  following,  we  use  a  scale 
of  length  such  that  /  !.  The  length  of  f /‘i  is  indicated  in 

each  figure. 


5.2  Simultaneous  Computation  of  Translation  and 
Rotation 

big.  5  shows  an  initial  region  S  and  the  corresponding 
region  S'  after  motion.  The  surface  parameters  {p,q,r)  of  .S’ 
and  S'  are  (  0.108,  0.108,  1,000)  and  (  0  875,  0.31)9,  2.093) 
respectively.  Aft-r  the  initial  adjustment  described  by  eqn 
(5.1),  the  estimate  of  the  surface  parameters  is  (  0. 108,  0.108, 
1.972).  (The  p ,  q  components  are  unchanged  heeau.se  the  sur¬ 
face  is  only  translated.)  The  subsequent  steps  are  as  follows: 
corner  features  contour  features  area  features 

1  (  0.900,0.210,2.7-16)  (  0.953,  0.361,  2.299)  (  1  101,  0.350,  2.390) 

2  (  0.171,  0.165,  1.93-1)  (  0.839,  0.395,  2.1  13)  (  0.823,0.308,2.080) 

3  (  1.383,0,571,2.265)  (  0.877,  0.399,  2.003)  (  0.878,  0. 105,  2.1 1 1) 

•1  (  0.929,  0.303,  2.129)  (  0.875,  0.399,  2.093)  (  0.877,  0.391,  2.087) 

5  (  0.861,  0.300,  2.015)  (  0.875.  0.399,  2.093)  (■  0.875,  0.399,  2.093) 


10  (  0.875,  0.100,  2.093)  (  0.875.  0.390,  2.093)  (  0.875,  0.390,  2.093) 
Convergence  is  very  last  for  contour  and  area  features;  only 
four  or  live  iterations  are  suHieienl  Here  and  in  the  following, 
we  only  show  the  surface  parameters  ,  r/,  r,  but  they  com¬ 
pletely  determine  the  31)  position  of  the  surface,  since  there 
exists  a  one-to-one  correspondence  between  a  point  on  the 
image  plane  and  a  point  in  the  scene  by  eqns  (2.2). 

The  iteration  process  does  not  always  converge  f  rom 
experiments,  we  can  conclude  that  the  depth,  i.e.,  the  distance 
of  the  surface  front  the  image  plane,  must  be  small  in  the 
second  frame.  Also,  the  range  of  the  values  that  the  motion 
parameters  can  take  is  limited.  lienee,  the  applicability  of  the 
approach  is  somewhat,  restricted  if  the  six  degrees  of  freedom 
of  the  motion  are  to  be  determined  simultaneously.  However 
the  algorithm  works  very  well  when  the  object  is  near  the 
camera  and  the  motion  is  not  too  large. 


5.3  Alternate  Computation  of  Translations  and  Rota¬ 
tions 

In  the  above,  we  tried  to  determine  the  six  motion 
parameters  at  the  same  time.  It  is  expected,  in  general,  that 
the  computation  becomes  more  stable  and  robust  as  the 
number  of  unknowns  becomes  .smaller.  Here,  noting  that 
translations  and  rotations  are  very  different  types  of  motion, 
we  first  apply  t lie  “translational  scheme”,  which  is  the  same  as 
the  above  except  that,  the  rotation  is  set.  to  zero  from  the 
beginning.  After  computing  the  estimate  of  the  translation, 
the  image  is  moved  accordingly.  Next,,  we  apply  the  “rota¬ 
tional  scheme”,  which  is  again  the  same  as  the  above  except 
that  the  translation  is  set.  to  zero  from  the  beginning.  After 
computing  the  estimate  of  the  rotation,  the  image  is  moved 
accordingly.  This  process  is  repeated,  applying  the  transla¬ 
tional  scheme  and  the  rotational  scheme  alternately. 

Fig.  6  shows  an  initial  region  .S'  and  the  corresponding 
region  S'  after  motion.  The  surface  parameters  (p,q,r)  of  S 
and  S'  are  (  0.108,  0.108,  10.00)  and  (  0  691,  0.382,  22.08) 
respectively.  After  the  initial  adjustment  described  by  eqn 
(5.1),  the  estimate  of  the  surface  parameters  is  (-0.108,  0,108, 
18.89)  The  following  shows  intermediate  results  after  each 
stage,  where  one  stage  consists  of  the  translational  scheme 
iterated  six  times  and  the  rotational  scheme  iterated  six  limes, 
corner  features  contour  features  area  features 

1  (  0.691,  0.379,  22.08)  (  0.827,  0.113,  22.50)  (  0.739,0.138,21.52) 

2  (  0.691,0.377,  22.15)  (  -0.779,  0.407,  22.57)  (  -0.711  0.436,21.29) 

3  (  0.692,0.379,22,12)  (-0.750,  0.387,  22.59)  (-0.690,  0.434,  21.12) 

•I  (  0.693,  0.380,  22.10)  (  0.733,  0.375,  22.60)  (  0.676,0.432  21.01) 

5  (  0.694,  0.381,  22.09)  (  0.723,  0.370,  22.58)  (-0.667,  0.431,  20  95) 


10  (-0.694,  0.382,  22.08)  (  0.706,  0.368,  22.43)  (-0.654,  0.425,  20.92) 
Convergence  is  very  fast  for  dot  features  but  is  slow  for  con¬ 
tour  and  area  features.  However,  this  method  has  a  far  wider 
range  of  applicability  compared  with  the  simultaneous  compu¬ 
tation  of  translation  and  rotation.  The  iteration  converges  for 
a  very  wide  range  of  positions,  orientations  an  1  motions. 

5.4  Horizontally  Constrained  Motion 

In  many  practical  situations,  motion  *akes  place  on  a  hor¬ 
izontal  plane-  cars  moving  on  flat  ground,  objects  displaced  on 
a  flat  tabletop,  etc  Let  e,  (£),?:>, ?a),  ee  (itShii'lii  I’1’  ,wo 
mutually  orthogonal  unit  vectors  defining  a  horizontal  plane  in 
reference  to  our  camera-based  ryz -coord  in  ate  system,  and  let 
n  («,,«.,, if.,)  be  the  unit  vector  normal  to  that  plane  (Fig.  7). 
In  other  words,  the  camera  optical  axis  need  not  be  horizontal. 
Then,  a  translation  has  the  form  oerl/de._>  and  a  rotation  is 
specified  by  rotation  angle  S2  around  axis  n  at  a  prescribed 
reference  point.  (A'()l  )'(),Z0).  Substituting 

a  oCil/fy,,  h  ci*L,  l  Sq,  c  n^t/drja, 

(5.7) 

Si  j  Si  7/  |  Slrt  Ull  2,  Si3  Sit!  3 
ill  eqn  (3.3),  we  obtain 

A/’  \  C„LY  In  t-  C„LY  |/d  i-  Cn|.Y  |H  t  .  .  (5.8) 

where 

Cf,  A  -e,C4  A  i{2C,  !.\  |  +  6,cr[.\ 

<V-V  ='h(\ |.Y  l  l-Y  I  I  >1: tCr  Y  (5  9) 

<"n  -\  "  i ^ ’tz,  -Y  +  |  +  "a^stJ-X 


Fig.  8  shows  an  initial  region  S  and  corresponding  region 
S'  after  motion,  where  e1=(l,0,0),  e2=(0,0,l),  n  (0,1,0)  (i.o,, 
the  camera  optical  axis  is  horizontal).  The  surface  parameters 
(pqr)  of  S  and  S'  are  (-0.108  0.408,  10.0)  and  (  0.039,  0.378, 
21  1)  respectively.  After  the  initial  adjustment  described  by 
eqn  (5.4),  the  estimate  of  the  surface  parameters  is  (-0.108, 
0.408,  23.1)  The  subsequent  steps  are  as  follows: 

corner  features  contour  features  area  features 

1  (-0.152  0.382,  22.1)  (  0.338,  0.399,  23.7)  (  0.388,  0.405,  21  2) 

2  ( -0.354,  0.401 ,  23.5)  (-0.087,  0.379,  21 .8)  (0.239,0.389,23  1) 

3  (  0.021,  0.378,  20  7)  (  0.032,  0.378,  21.1)  (  0.060,0.379,20  3) 

4  (  0.107  0.380,  21 .6)  (-0.049,0.378,21.2)  {  0.026,  0  378,  210) 

5  (  0.0-49,  0.378,  21.2)  (  0  038,  0  378,  21.1)  (  0.039,  0  378,  21  1) 


10  (  0.039,  0.378,  21.1)  (  "039,  0.378.21.1)  (  0.039,  0.378.  21.1) 
Convergence  is  very  fast,  and  the  applicable  range  of  positions, 
orientations  and  motions  is  larger  than  for  unconstrained 
motion. 

We  can  again  use  the  scheme  of  alternate  translations 
and  rotations;  the  translational  scheme  determines  o  and  /d, 
and  the  rotational  scheme  determines  fi.  Fig.  9  shows  an  ini¬ 
tial  region  S  and  the  corresponding  region  S'  after  motion, 
where  e]  (1,0,0),  e2  (0,0,1),  n  (0, 1 ,0)  (i.e.,  the  camera  opti¬ 
cal  axis  is  horizontal).  The  surface  parameters  ( p,q,r )  of  .S' 

,d  S'  are  (  0.408,  0.408,  10.0)  and  (0.137.  0.381,  24  1)  respec¬ 
tively.  After  the  initial  adjustment  described  by  eqn  (5.4),  the 
estimate  of  the  surface  parameters  is  (-0.-108,  0.108,  31.7). 
The  following  shows  intermediate  results  after  each  stage, 
where  again  one  stage  consists  of  the  translational  scheme 
iterated  six  times  and  the  rotational  scheme  iterated  six  times, 
corner  features  contour  features  area  features 

1  (0.050,  0.378,  26.2)  (  0.098,0.380,28.0)  (  0.18-1,  0.38-4,  30.2) 

2  (0.122,  0.381,  24.4)  (  0.011,0.378,26.0)  (  0.094,  0.380,  28.0) 

3  (0.134,0.381,24.1)  (  0.069,0.379,25.4)  (  0.035,0.378,27.4) 

4  (0.136,  0.381,  24.1)  (  0.101 , 0.380,  24.8)  (0.007,0.378,26.6) 

5  (0. 137,  0.381 ,  24.1)  (  0.118,  0.38 1 ,  24.1 )  (  0.038,  0.378.  20  0) 


10  (0.137,0.381,24.1)  (  0.136,  0.381,  24.1)  (  0. 1 1 1 ,  0.380,  2  1.(5) 
The  convergence  is  fast  for  dot  features  but  is  slow  for  contour 
and  area  features.  However,  the  applicable  range  of  positions, 
orientations  and  motions  is  still  wider  than  for  determining  the 
three  motion  parameters  simultaneously. 

5.5  Error  Sensitivity 

The  correspondenceless  approach  based  on  feature  extrac¬ 
tion  is  in  general  expected  to  be  more  robust  than  the  use  of 
correspondence;  since  the  feature  values  are  computed  by  sum¬ 
mation  or  integration,  small  errors  in  the  positions  of  feature 
points  or  lines  tend  to  be  canceled  or  diluted  in  the  linal  values 
of  the  features. 

In  the  following  example,  uniformly  distributed  random 
noise  of  10%  of  the  size  /0  and  /,/  of  the  two  regions  S ,  S'  (el. 
eqns  (5.1))  is  added  to  the  coordinate  values  of  the  corner 
points  in  the  example  of  Fig.  9.  The  following  icsult  is  one 
example.  After  the  initial  adjustment  described  by  eqn  (5  4), 
the  estimate  of  the  surface  parameters  is  (  0. 108,  0.-108,  29  7) 
The  scheme  and  interpretation  are  the  same  as  in  the  previous 
example. 

corner  features  contour  features  area  features 

1  (0.095,  0.380.  26.0)  (  0.100,0.380,28.2)  (  0  111,0.382,29  7) 

2  (0.107  0.383,23  9)  (  0.003  0.378,26.2)  (  0.014.  0.378,  27.7) 


5  (0  178,0.384,23.6)  (  0  042,0.378,25.3)  (  0.021 ,  0  379,  26.4) 

4  (0.179,  0  384  23.5)  (  0.005  0  379,  24  8)  (  0.005,0.379,25.5) 

5  (0. 179,  0.38-4,  23.5)  (  0.075  0.379,24.6)  (0.097.0.380  24  9) 


10  (0.180,0.384,23.5)  (  0  084,  0.379,  24  4)  (  0  100,  0.383.  23.5) 

The  results  seem  quite  reasonable.  Errors  are  about  30%  in  p 
and  1%  in  q  and  r  We  must  say  that  the  motion  is  quite 
accurately  computed,  since  the  computed  motion  parameters 
( a,c,fl )  after  the  tenth  iteration  are  (14.9,  15.0,  32.1)  for  dot 
features,  (14  8,  14  7,  27.0)  for  contour  features  and  (11.9, 

1  1.8.  31.6)  for  area  features.  The  rotation  angle  fl  is  meas¬ 

ured  in  degrees.  Since  the  motion  is  horizontally  constrained, 
vertical  translation  b  is  identically  zero  and  the  rotation  axis  is 
always  (0,1,0).  The  true  parameters  arc  ( 15.0,  15.0,  30.0),  so 
that  errors  arc  about  10%  in  fl  and  about  2%  in  a  and  r. 
1  bus,  the  error  in  the  rotation  angle  is  magnified  t.o  some 
extent  when  expressed  in  terms  of  p 

If  uniformly  distributed  10%  noise  is  further  added  to  the 
initial  values  of  the  surface  parameters  p,  q,  r  ,  the  result  In  a 
typical  ease  is  as  follows.  The  motion  parameters  (p.q.r)  are 
perturbed  from  the  true  values  (-0.408,  0.408,  10.0)  into 
(  0.395,  0.387,  9.9).  After  the  initial  adjustment  described  by 
eqn  (5.4),  the  estimate  of  the  surface  parameters  is  (  0.395, 
0.387,  29.2). 

corner  features  contour  features  area  features 

1  (0.088,  0.361,  25.8)  (  0  100,  0  362,  27.9)  (-0.145,  0.303.  29.3) 

2  (0.157,  0.364,  23.8)  (  0.014,  0.360,  20.1)  (  0.047,  0.360,  27.5) 

3  (0.108,  0.305,  23.5)  (  0.029,  0.3B0,  25.2)  (  0.016,  0.360,  26.2) 

1  (0.169,  0.305,  23.4)  (  0.0-19,  0.360,  24.8)  (  0.059,  0.360,  25.3) 

5  (0.170,  0.365,  23.4)  (  0.058,  0  360,  24.6)  (  0.090,  0.361 ,  2  1.7) 


10  (0.170,  0.365,  23.4)  (  0.067,  0.360,  24.5)  (  0.155,  0.361,  23.4) 
Errors  are  about  30%  in  p  and  about  5%  in  q  and  r.  The 
motion  parameters  (<i,c,f2)  after  the  tenth  iteration  are  (1-1.8, 
11.9,  31.1)  for  dot  features,  (14.7,  1-1.6,  25.4)  for  contour 

features  and  (14.8,  1-1.7,  30. -I)  for  area  features,  so  that  the 

motion  parameters  themselves  are  quite  accurately  computed 
in  spite  of  the  existence  of  noise. 

big-  10(a)  is  an  example  of  a  sequence  of  object  images 
undergoing  a  horizontally  constrained  motion.  Again,  the 
plane  constraining  the  motion  is  parallel  to  the  jr-plane.  For 
each  image,  10%  uniformly  distributed  random  noise  of  its  size 
(cf.  eqn  (5.1))  is  added  to  the  coordinates  of  the  corner  points. 
The  true  images  arc  indicated  by  dotted  line.  Fig.  10(b)  shows 
computed  surface  positions  viewed  from  above  (i.e.,  along  the 
!/-axis).  A  solid  line  is  used  for  the  true  positions,  a  broken 
line  for  positions  computed  from  the  noisy  images  in  I'ig. 
10(a),  and  a  dotted  line  for  positions  computed  by  adding  an 
additional  10%  noise  to  the  initial  estimates  of  the  surface 
parameters.  If  we  use  the  noiseless  images  of  Fig.  10(a),  the 
true  positions  are  obtained. 

1  he  computation  is  based  on  dot  features,  using  the 
scheme  of  alternate  translations  and  rotations.  The  iterations 
are  stopped  after  ten  stages.  The  initial  image  (the  left-most 
one  in  Fig.  10(a))  is  always  compared  with  the  image  at  each 
stage,  so  that  error  does  not  accumulate.  In  view  of  the  fact 
that  we  are  comparing  a  I0%>  noisy  image  with  another  10% 
noisy  image  (see  Fig.  10(a)),  the  recovery  is  fairy  good  and  is 
almost  unaffected  by  the  noise  in  the  initial  estimates  of  the 
sit rface  parameters. 

6.  DISCUSSION 
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6.1  Applicability  of  the  Scherr  e 

As  seen  in  the  examples  in  the  previous  section,  our 
scheme  can  be  applied  to  a  very  large  motion  In  general,  con¬ 
vergence  is  fast  for  small  motions.  The  iterations  do  not  con¬ 
verge  if  the  motion  is  extremely  large  (especially  for  rotations 
through  large  angles).  However,  the  alternate  application  of 
the  translational  and  rotational  schemes  can  greatly  extend  the 
applicable  range  for  the  position  and  motion,  covering  almost 
all  motions  we  may  encounter  in  practical  situations,  although 
convergence  may  become  somewhat  slow.  The  assumption  of 
horizontally  constrained  motion  also  extends  the  applicable 
range  and  makes  the  convergence  faster  One  general  conclu¬ 
sion  is  that  all  the  motion  parameters  can  be  determined 
simultaneously  if  the  object  is  known  to  be  near  the  camera 
(i.e.,  the  distance  to  the  object  is  not  large  compared  with  the 
focal  length).  Howerver,  the  scheme  of  alternate  translations 
and  rotations  should  be  used  if  the  object  is  known  to  be  far 
away  from  the  camera. 

6.2  Shape  and  Choice  of  Features 

Although  we  used  polygonal  regions  in  our  examples, 
application  of  the  present  scheme  is  not  limited  to  polygonal 
regions:  it  can  be  applied  to  arbitrary  shapes,  and  the  contours 
can  be  general  curves.  From  our  experiments,  however,  con¬ 
vergence  seems  to  be  better  for  simple  convex  shapes  than  for 
complicated  non-convex  shapes. 

Among  the  three  types  of  features  (dot  features,  line 
features,  area  features),  dot  features  seem  to  be  the  most 
favorable  in  convergence,  although  the  difference  is  not  very 
large.  However,  since  line  features  (especially  concurs)  are 
more  stable  than  feature  points  (such  as  corner  points)  arid 
line  integrals  are  computationally  easy  to  handle,  the  use  of 
line  features  seems  to  be  the  best  (it  to  practical  applications. 

6.3  Stability  of  Computation 

As  shown  in  the  example  in  the  previous  section,  the 
computation  is  very  robust  to  noise,  especially  as  regards  the 
motion  parameters.  The  example  given  by  Tsai  and  Huang 
(29 j  shows  that  their  result  is  unreliable  even  at  a  1  to  2% 
noise  level.  The  stability  of  our  scheme  may  be  ascribed  to  the 
following  two  reasons.  First,  we  assume  the  initial  position 
and  compute  only  the  motion  parameters,  while  schemes  like 
that  of  Tsai  and  Huang  (29]  attempt  to  determine  the  object 
position  and  motion  simultaneously.  In  other  w'ords,  the 
dimensionality  of  our  solution  space  is  smaller;  the  number  of 
unknowns  is  six  if  the  motion  is  unconstrained  and  is  three  if 
the  motion  is  horizontally  constrained.  Second,  we  compute 
‘features”  of  a  planar  region,  which  are  macroscopic  quantities 
obtained  by  summation  or  integration,  lienee,  independent 
noise  at  different  points  on  the  image  plane  tends  to  be  ean- 
cele  !. 

In  general,  there  are  many  factors  oil.  than  random 
noise  that  affect  motion  detection  -  illumination  change, 
reflectance  change,  occlusion,  etc.  In  view  of  these  factors,  the 
use  of  gray  levels  is  not  adequate,  as  discussed  earlier.  Even  if 
images  are  represented  by  feature  points  and  lines,  correspond¬ 
ing  feature  points  may  be  missing  in  some  frames  due  to  noise, 
illumination  change,  reflectance  change,  occlusion,  etc.  In  con¬ 
trast,  region-to-region  correspondence  is  much  more  stable 
Our  method  is  applicable  unless  the  object  docs  not  have  a 
planar  face  at  all  or  all  of  the  planar  faces  are  occluded  at  the 
same  time,  which  is  very  unlikely. 
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6.4  Face  Identification 

In  our  method,  no  knowledge  of  point-to-point,  correspon¬ 
dence  between  different  frames  is  necessary.  Instead,  we  must 
determine  region-to-region  correspondence.  This  is  generally 
easier  than  establishing  point-to-point  correspondence.  Sup¬ 
pose  the  object,  has  planar  faces,  but  it  need  not  be  a 
polyhedron.  Take  a  car  for  example.  Our  method  is  applica¬ 
ble  if  we  can  iJentify  planar  windowpanes. 

Assuming  that  the  two  given  images  are  appropriately 
segmented,  we  select  one  planar  region  from  one  image.  All  we 
need  to  do  is  determine  the  corresponding  region  in  the  other 
image  We  can  introduce  various  “measures  of  similarity”  to 
decide  on  the  correspondence.  Even  if  they  are  unavailable, 
we  can  resort  to  a  brute  force  method.  If  there  are  Af  candi¬ 
dates  for  the  corresponding  region  (usually  N  is  not.  very 
large),  there  exist  N  possible  correspondences.  We  can  apply 
our  method  to  all  of  these  possibilities  to  test  for  the  existence 
of  a  motion  which  correctly  maps  one  region  onto  the  other. 

An  important  fact  is  that  only  one  region-to-region 
correspondence  is  sufficient  t.o  determine  the  motion  uniquely. 
If  we  use  point-to-point  correspondence,  at  least  three 
correspondence  pairs  are  necessary.  The  brute  force  method 
becomes  inefficient  in  this  case;  if  there  are  n  feature  points 
(usually  n  is  much  larger  than  TV)  and  if  we  choose  three 
points  from  one  image  arbitrarily,  the  number  of  possible 
correspondences  is  n(rt  l)(?i  2).  Granted  that  efficient 
methods  for  point-to-point  correspondence  detection  are  avail¬ 
able,  detection  of  region-to-region  correspondence  is  much 
easier  due  to  the  more  limited  possibilities. 

6.5  Application  to  Object  Recognition 

A  major  restriction  on  the  present  method  is  that  we 
must  measure  the  initial  position  of  the  object,  say,  by  stereo 
or  range  sensing.  However,  this  restriction  also  applies  to  the 
eorrespondenceless  approaches  of  bin  et  al.  (22]  and  Aloimonos 
and  Hasu  [3]  using  two  cameras.  While  their  methods  require 
two  cameras  at  each  stage,  our  method  requires  position  meas¬ 
urement  (stereo  or  range  sensing)  only  at  the  initial  stage. 
This  is  a  great  advantage,  since  accurate  measurement  of  posi¬ 
tion  by  stereo  or  ra.nge  sensing  usually  takes  time.  Besides, 
their  methods  are  based  on  corresponding  feature  points,  while 
our  method  is  not  limited  to  the  use  of  feature  points;  our 
method  works  for  other  types  of  features  such  as  line  segments 
and  contours. 

Once  the  initial  position  is  known,  we  can  compute  the 
subsequent  motion  successively  from  a  given  image  sequence. 
Errors  may  accumulate  at  each  stage,  but  this  is  not  a  serious 
problem  because  our  method  applies  to  finite  motion;  any 
image  frame  can  be  computed,  m  principle,  with  the  initial 
frame. 

This  fact  can  be  used  to  advantage  in  model-based  object 
recognition.  Suppose  we  want  to  know  the  position  and  orien¬ 
tation  of  an  object  in  the  scene  when  the  true  size  and  shape 
of  the  object  are  known  and  are  stored  in  a  database.  Since 
the  true  size  and  shape  are  known,  we  can  easily  generate  the 
image  of  the  object  placed  in  a  known  position  by,  say,  a  com¬ 
puter  graphics  technique.  Then,  the  position  and  orientation 
of  the  object  are  determined  by  computing  the  motion” 
between  this  reference  image  and  the  observed  image  The 
computation  becomes  efficient  if  several  reference  images  and 
feature  values  are  precomputed  and  stored  in  the  same  data¬ 
base. 
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APPENDIX  A.  CONJUGATE  FEATURE 
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A.l  Conjugate  Transformation  of  Features 

The  principle  of  our  method  is  to  iteratively  transform 
one  region  into  another.  If  a  region  is  characterized  by  a  small 
number  of  parameters,  say  the  coordinates  of  the  corners  of  a 
polygonal  region,  the  transformation  is  easy;  only  these  param¬ 
eter  values  need  be  altered.  However  if  the  region  contains  a 
large  amount  of  information  e.g.,  when  the  surface  is  finely 
textured  transformation  of  the  image  requires  large  amounts 
of  computation  time  and  memory  space.  If  this  is  the  case,  we 
need  not  transform  the  image;  all  we  need  is  the  transformed 
feature  values,  not  the  transformed  image  itself. 

Define  the  image  transformation  operator  T A  by 

-V(».»)=  rA  -V(x,3/),  (A.l) 

where  A  is  the  matrix  prescribing  the  transformation  of  eqns 
(2.5).  Since  the  inverse  transformation  of  eqns  (2.5)  is  given 
by  replacing  matrix  A  =  (A;y)  by  its  inverse  A  1  (Ay1),  opera¬ 

tor  Ta  is  defined  as  follows: 


Definition  1  (Image  Transformation  Operator) 

T  V(rj/)  \'(f^  1 +  A iJil  +A  ij/  fAzlx+Awy+An}/ 
A  si  x  +A32  y+Awf  A^fx  +Aw\y  +Ai3f 


).(,A.2) 


This  equation  states  that  the  value  of  the  transformed  image 
TaX  at  (x,y)  is  given  by  the  value  of  the  original  image  A’  al 
the  point,  obtained  by  applying  the  inverse  transformation  to 
the  point  (x.y). 

Now,  define  the  conjugate  transformation  operator  TA  by 


Definition  2  (Conjugate  Transformation  Operator). 

TaF\X\  F \  Ta  A- ]  (A. 4) 

'I'll is  equation  states  that  the  value  of  feature  F\  ,\  of  the 
transformed  image  A'  is  obtained  as  the  value  of  the 
transformed  feature  TAF [.]  of  the  original  image  A'.  An 
essential  fact  is  that  operator  TA  acts  on  a  given  functional 
/'  (  .  |  by  Ta  F  [  .  ]=/'  \  Ta(  .  ))  without  any  regard  to  particular 
images.  Hence,  we  need  not  transfirm  the  image  ace.  ding  to 
eqn  (A. 2);  measuring  feature  F(A'|  of  the  transformed  image 
X(r,y)  is  equivalent  to  measuring  feature  TA  .V  of  the  origi¬ 
nal  image  X{x,y).  Hence,  onee  we  know  how  operator  TA  acts 
on  functionals,  the  computation  ean  always  be  performed  on 
the  original  image. 

Consequently,  t.he  motion  parameters  a,  b,  c,  Oj,  SC,  ST, 
of  t.he  next  step  are  given  by  solving 

"r;c.(,)|A-  r;r,(»|y|  r;rct»|.v|  Tfc^\x\  t;c$\x\ 
r; r,(2,|A'|  r;c  p>|.y|  t;c^> |a-|  t;c$\x 


><*)  v']  7’;fi')[a'[ 

f(2)[a'']  t;f<2>[ a'] 


Vcfl’hvi 


(A  5) 


A.2  Change  of  Variables 

f  rom  the  discussion  in  the  above,  it  remains  to  determine 
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how  the  conjugate  transformation  operator  acts  on  partic¬ 
ular  feature  functionals.  For  that  purpose,  we  give  here  some 
mathematical  preliminaries  in  preparation  for  the  subsequent 
discussion . 

Consider  two  points  (j,y)  and  (xA-dx^j  +  dy) 
infinitesimally  far  apart  from  each  other  on  image  .V,  and  let 
(•*■>!/)>  (x  \  dx  ,y J.  dy)  be  the  corresponding  points  on  the 
transformed  image  .V.  By  differentiating  the  equations  of 
transformation 


A  ,  ,j  4  A  l2y  A- A  yJ 

x  J - , 

A  31 J  A  A  32y  A- A  33/ 


A  n  1  x  4-  A  00  y+A23f 

y  !—. - - - 7,  (A. 6) 

A  31  x  +A  32y  +A  33/ 


we  see  that,  differentials  dx ,  dy  are  related  to  differentials  d: r, 
dy  by 


dx 


dx  ,  Dx  , 

- dx  h - dy. 

Dx  dy 


dy  -^-dx  +  ^-dy, 
dx  dy 


(A. 7) 


Ox  Idz  Or /dy 

1 

A  *1^  -4  11 J  A  82 z  -A  \of 

dy  /Ox  dy  /dy 

dsi*  cAs,,y  +AxJ 

A*\y  A  2J  A  &y -A  22/ 

(A.8) 


bet  u.s  consider  a.  smooth  curve  /  on  the  ///-plane.  If 
(* (■’).!!(*))  is  its  parametric  form,  where  ,s  is  the  are  length 
along  the  eurve  L  the  unit,  tangent,  vector  (n ,(s ),n2(s ))  to  the 
curve  L  is  given  by 


”l(*) 


dx 

~ds' 


nis )- 


dy 

ds  ' 


(A  .9) 


Let.  L  be  the  curve  on  the  ///-plane  corresponding  to  the 
curve  I.  on  the  /y-plane,  and  let  (i(«  ),j/(s))  be  its  parametric 
form,  where  s  is  the  arc  length  along  the  eurve  L  Substitut¬ 
ing  eqns  (A. 7)  and  (A.8)  in  ds“-  dx^+dy*,  we  obtain 

ds~  Edx-  V2Fdxdy  +  Gdy*,  (A  10) 

where 

f,,_  y)  '2A3lf(Anx+A^y)+(An2+A2j2)f 

(A  3] r  +A  32y  +A  33 f)‘ 


/,  =  ■'Au'Wr  ■  V)  l'HA324'tg|it3i)/t-(/tal/.3;+4g,/l8i)/i/+(/t,|4l2l4;l4M)/g 
(A  si  x+Axy+A33f)2  (All) 


(,  s  A  K~(  1  '  •  y  ~)  -A  3  if  (A  r,x  d  A  nny  )4  (A  i;2  f  A  22)f' 

(A  3i x  -t  A  30 y  +A  33 /)* 

Combining  this  with  eqns  (A. 9),  we  have 

ds  l’(s)rfs,  (A  12) 

where 


1  )=  s/t'-OO  :.»(«))« ,(*  )J4  2*>(»), n(»)|H|(»)n a(»  )+<?(/(«), lilt  ))„2(*)2(A.  I  3) 

I  he  unit  tangent  vector  to  the  eurve  /,.  is  given  by 
( n  1 . n o),  Siince  both  (nhn2)  and  ( i> , , « 2)  are  unit  vectors,  they 
are  related  by 


"  1 

1 

dx  /dx 

dx  /dy 

n, 

n  2 

\/  Fn  |J  1 2  Fn  1 11 2- 1  On  2 

dy  /dx 

dy/dy_ 

Ho 

(A. N) 


Now,  we  define  the  conjugate  transformation  TA  of  the 
unit,  tangent,  vector  (n]}n2)  by 


ta"\=- 


dx 


dx 


V'/  u,2  l2/'5i]ri2  Gn22  /Jjr  ‘  dlJ 


(A- 16) 
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where  .S'  is  the  transformed  region  and  J(x,y)  is  the  Jacobian 
given  by  the  determinant  of  eqn  (A. 8) 


yj En?  \2Fnin«-\- Gnf1  a* 


oil  ay 
— —n  ,  t — —  i 


and  the  conjugate  transformation  T) J  of  a  function  m  ( x.  y ) 
and  its  derivatives  by 


7'yt  m(x,y)==m(x(x,y),jr(x,y)),  (A  10) 


dm  Dm,  .  ,  —  .dm  dm 

^ i i7s"57 


(j(j,j/),y(j-,y)).  (A  17) 


Finally,  ccnsider  the  region  S  on  the  try-plane 
corresponding  t.o  a  region  5  on  the  xy-plane  The  area  of  ,S  is 
given  by 


Jsdxdy  jsJ(x,y)dxdy,  (A,  18) 

where  J(x,y)  is  the  Jacobian  defined  by 


dx/dx  dx/dy 
dy/dx  dy/dy 


\/E{x,y)G(x,y)  F(x,yf 


.  (t  2i/t  3-j  -'t22d3i)r  i  ( A  12  >4  s  i  A  nAssJ^-tfA  n-4  «2-  A  2i  A  12 )/ 

1 — - — t~a - : - r~7bi - (  \ 1 9) 

(ds|i  -A  32!/  +  A  33/j 


A. 3  Conjugate  Transformation  Operator 

The  feature  functionals  for  dot  features  have  the  form 


I  A 


E  .ft). 
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dm 

dx 


dm 


(x,,y,)).  (  v.l2°) 


By  Definition  2,  the  action  of  the  conjugate  transformation 
operator  T is  given  by 


TV  A  /  TTY 


x  dm ,  v  dm ,  x\ 


Dr 


dy 
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APPEND  TC  B.  GRAY-LEVEL  IMAGES 

A  liscussed  carter  gray-level  images  are  not  adeqn  le  a 
general  for  stable  feat u it*  detection  However,  if  th°  value 
■\(x,y)  of  image  intensity”  can  be  assumed  to  be  mfUvfnt  . 
the  object,  and  is  not  influenced  by  tl  e  viewing  orientation,  hr 
example  if  it  is  chromaticity,  we  can  also  use  the  dire  a 
mg  proposed  by  Amari  :3,  T  in  the  form 

™  ff,  m(r,y)\[x,y)dxdy  (i'V 


II  each  point  (x,y)  is  displaced  by  (A.r.Ay),  the  differem- 
A/*  A  of  the  feature  values  is  given  by 

A/'  A  +  A(j  y)dxdy-l 


(B.2 


where  again  denotes  higher  order  te-ms  in  Ax,  Ay  and 
tlteir  derivatives  Substituting  the  equation  of  optical  How 
(2  10),  we  find 


V  U^dxdy,  Cr: A'  Ij/^Xdxdy, 

r\  V  /  /s  +  x~  Xdxdy,  Cn  |A  / /?  V—A’dxdy, 


r'’  A  ff^  Xdxdy.  Cp  V  J Js\»i  +y-|^-]AVx'/y,  (13.31 
C,r:A  flvixm.x^.xy^XJxdy. 

ai  ay 

( V  v  //¥|3lf»n+i',y— +  y2— jA'rLdy. 

0/  ay 

li  we  set  A  (x,y )  1,  all  the  above  reduces  to  equs  (1  1  i), 

Iho  functionals  here  defined  as  area  integrals  hav<  the 

form 


where  ( x; , y, )  are  the  transformed  positions  of  the  dots. 
The  feature  functionals  for  line  <  atures  have  the  form 


/LA 


J \  J{i,y,n\,ni.^n'r,y),^IL,^L)ds. 
I  ,  ax  ay 


(A  22) 


By  Definition  2  and  the  rules  of  change  of  variables,  the  action 
of  the  conjugate  transformation  operator  7’j[  is  given  by 

TV  X  1,TaX\ 


Dm  ,  Dm 

-dT‘T*-y-){ir(k.  23) 


The  feature  functionals  for  area  features  have  the  form 

1  V  f  fsJ(jr,Sf,m(t,y),-^j-,-^-)dxdy.  (A2I) 

The  action  of  the  conjugate  transformation  operator  7’^J  is 
given  by 

TV  Y  /  77,  A 

/  /  J(x  y  ,m(x  .y).^-(x  ,y),^j(z  ,y))drdy 

ff  J(r  I.y).y(x  y  i,TVn(r,y).Tjj^j  TJ^-)J(x.y)didy  (A. 2-3) 


/'-^1  f  y)(lxdy.  (B  I) 

Hie  action  of  the  conjugate  transformation  operator  7’4*  is 
given  by 

H/LY  /  77,  -Y 

//.■/(x  y,m(r.y),^.(x  .y).^(x .9  j)A’(/  .y)ixiy 

(u.r,) 

where  .S'  is  the  transformed  region  and  7(x,y)  is  the  Jacobian 
given  by  the  determinant,  of  ec| n  (AS). 

llms,  il  we  take  six  independent,  functions  m,(x,  1/), 

1  I.  ,  6,  we  obtain  the  corresponding  features  /'*^[A  in 
the  lor  1 11  of  eqn  (B.1),  and  ,  rt,’,[A']1  r/'LA  ,  Cft 1  A 

(  V  !*'  '  A),  »'  I . (,  arc  given  by  etpis  (3,1). 

Hence,  the  motion  is  recovered  by  the  procedure  described  111 
Section  3. 

FIGURES 

I  g  1  A  poin  \  ),/)  on  a  plane  having  equation 
‘  PJ  3  'VJ  r  is  projected  to  point  (x,y)  on  the  image 
plane  by  perspective  projection  from  the  viewpoint, 
(0,0  /).  1  lie  motion  of  the  plane  is  specified  relative 

to  a  reference  point  (A'„.  taken  on  it 
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ABSTRACT 

A  unified  hierarchical  computational  framework  is  developed  for 
the  determinat  ion  of  dense  displacement  fields  from  a  pair  of  im¬ 
ages.  This  framework  incorporates  the  separation  of  computa¬ 
tions  according  to  srale,  a  roarse-to-fine  control  strategy,  the  ex 
plicit  use  of  direction-dependent  confidence  measures,  and  a  rig¬ 
orous  formrdation  of  a  smoothness  constraint  on  image  motion. 
The  rerent,  hierarchical  extensions  by  (Jlaxer  and  Rnkelmann  of 
the  well  known  gradient.-hased  techniques  of  Horn  and  Srhimrk 
and  Nagel,  and  our  own  matching  technique,  which  is  based  on 
the  minimization  of  the  sum-of-squared-differences  (SSI))  of  the 
intensities,  are  all  shown  to  be  completely  consistent,  with  our 
framework.  It  is  also  shown  that,  the  gradient-based  techniques 
can  be  regarded  as  mathematical  limits  of  the  matching  tech¬ 
nique.  Since  our  framework  allows  the  explicit  identification 
of  the  various  components  t.iiai  are  necessary  for  the  success¬ 
ful  measurement  of  motion,  the  development  of  a  single  robust 
system  whic.i  incorporates  the  best  implementation  choices  for 
each  component  is  within  reach 

A  modified  version  of  our  framework  is  proposed,  in  which 
the  computations  are  separated  according  to  srale  and  orienta¬ 
tion.  This  new  approach  unifies  the  recently  developed  spatio- 
temporal  energy  models  with  the  gradient-based  and  the  match¬ 
ing  techniques,  and  appears  to  be  biologically  feasible  and  ideally 
suited  for  connectionist.  models  of  computation 

1  Introduction 

1.1  Background 

This  paper  describes  an  at  tempt  to  develop  a  unified  com¬ 
putational  framework  for  the  measurement  of  visual  mo¬ 
tion  from  a  sequence  of  images.  In  computer  vision,  the 
most  popular  approach  for  motion  analysis  has  been  to 
measure  image-motion  prior  to  any  determination  of  geo¬ 
metric  structures.  These  measurements  are  then  used  to 
recover  the  3-dimensional  structure  of  the  environment  and 
to  determine  the  relative  3-1)  motion  between  the  camera 
and  the  objects  in  the  .scene.  In  this  sense,  the  measure- 
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merit  of  visual  mol  ion  is  treated  synonymously  with  the 
measurement  of  image-motion. 

The  research  effort  in  computer  vision  for  the  measure¬ 
ment,  of  image-motion  has  focused  primarily  on  (a)  the 
determination  of  instantaneous  image-velocities  by  using 
a  “gradient-based”  approach,  or  (b)  the  determination  of 
displacements  of  points  between  successive  frames  rising 
a  matching  approarh.  On  the  other  hand,  recent  devel¬ 
opments  in  psychophysics  have  focused  on  the  determina¬ 
tion  of  the  speed  and  the  direction  of  motion  of  a  one¬ 
dimensional  visual  signal. 

The  research  on  t  he  interpretation  of  motion  |2,3,d|  in¬ 
dicates  that  a  dense  and  reliable  displacement  field  may 
be  necessary  for  the  successful  determination  of  the  st  rnr- 
ture  of  the  environment.  The  most  effective  techniques 
for  computing  dense  displacement-fields  seem  to  be  those 
which  embed  either  a  gradient-based  or  a  matching  ap¬ 
proach  in  a  hierarchical,  multi-resolution  scheme.  Such 
techniques  include  the  multi-resolution  gradient-based  ap¬ 
proaches  of  Enkelmann  12,  and  (llazer  j  15],  and  onr  own 
multi-resolution  matching  technique,  which  will  be  denoted 
here  as  Auandan’s  techniqne|f),7|. 

Although  the  gradient-based  and  the  matching  approaches 
appear  to  be  unrelated  to  each  other,  they  can  be  unified 
under  a  single  computational  framework.  Such  a  frame¬ 
work  is  described  in  this  paper  and  shown  to  be  consistent 
with  t lie  dilfercnt  current  approaches  for  the  measurement 
of  motion.  The  framework  is  developed  from  theoreti¬ 
cal  considerations,  and  each  of  its  major  components  is 
shown  to  he  essential  for  the  computation  of  dense  dis¬ 
placement.  fields.  Besides  the  unification  of  a  wide  range 
of  current  techniques,  the  framework  also  allows  the  re¬ 
duction  of  the  task  of  designing  a  working  system  to  that 
of  making  proper  implementation  choices  for  the  various 
components  of  the  framework. 

1.2  Framework  overview 

The  key  idea  underlying  our  framework  is  the  separation 
of  computations  according  to  srale.  1  his  idea  is  based 
on  the  following  observation:  usually,  the  large  srale  (or 


\\\ 


low  spatial-frequency)  intensity  variations  ran  provide  im¬ 
precise  measurements  over  a  large  range  of  magnit  udes  of 
motion,  while  the  small-srale  (or  high  spatial-freqnenry) 
variations  can  provide  more  accurate  measurements  over 
a  smaller  range.  This  leads  to  three  components  of  our 
framework:  spatial-frequency  decomposition,  which  is 
the  method  of  separating  the  intensity  variations  accord¬ 
ing  to  scale,  a  local,  parallel  match-criterion  within  each 
scale,  and  a  control-strategy,  which  is  a  method  for  con¬ 
trolling  the  measurement  processes  at  the  different  scales 
and  combining  their  results. 

Although  the  scale-based  separation  of  computation 
provides  a  useful  principle  for  processing  scenes  containing 
large  displacements,  there  will  always  be  situations  when 
an  image  area  lacks  sufficient  local  information  for  dis¬ 
placement  computation  at  a  particular  scale.  Also,  since 
the  image-displacement  is  a  vector  quantity,  its  reliability 
can  vary  according  to  direction.  Therefore  another  essen¬ 
tial  component  of  our  framework  is  a  direction-dependent 
confidence  measure.  The  presence  of  unreliable  dis¬ 
placements  also  means  that  in  order  to  obtain  a  dense 
displacement  field,  it  may  be  necessary  to  propagate  the 
reliable  displacements  to  their  less  reliable  neighbors.  This 
leads  to  the  last  essential  component  of  our  framework:  a 
smoothness  constraint,  which  specifies  the  criterion  for 
the  propagation  of  reliable  displacements. 

A  visual  illustration  of  this  framework  is  provided  in 
Figure  I.  The  five  major  components  mentioned  in  the 
above  description  are  discussed  in  detail  in  section  2. 


1.3  Paper  overview 

The  detailed  description  of  our  framework  for  computing 
dense  displacement  fields  from  a  pair  of  images  is  contained 
in  section  2.  First,  the  goals  of  the  displacement  computa¬ 
tion  process  are  stated.  This  statement  consists  of  speci¬ 
fying  the  nature  of  the  input,  the  requirements  on  output, 
and  the  computational  constraints  for  this  process.  This 
is  followed  y  the  detailed  descriptions  of  the  live  compo¬ 
nents  *  r  the  framework. 

Section  3  contains  a  review  of  the  principles  underlying 
r  urrent  techniques  in  computer  vision  and  an  outline  of  the 
three  specific  algorithms  of  Enkelmann,  Glazer,  and  Anan- 
dan.  Sect  ion  4  explains  the  relationship  of  these  three  tech¬ 
niques  to  our  framework  by  identifying  the  implementation 
choices  for  the  five  components.  In  section  4,  we  also  show 
that  the  two  gradient-based  techniques  can  be  regarded  as 
the  mathematical  limits  of  the  matching  app  oarh.  Sec¬ 
tion  5  contains  a  discussion  of  the  problems  involved  in 
processing  discontinuities  in  image  motion,  while  Section  6 
contains  t  he  results  of  applying  Anandan’s  matching  tech¬ 
nique  t.o  a  pair  of  real  images,  as  a  demonstration  of  the 
feasibility  of  the  ideas  contained  in  our  framework. 

As  such,  the  spatio-temporal  energy  models  [I  are  not. 
consistent  with  the  computational  framework  described 
here.  This  is  because  the  energy  models  have  been  formu¬ 


lated  primarily  for  one-dimensional  signals  varying  con¬ 
tinuously  over  time.  The  use  of  the  energy  models  for 
two-dimensional  sequences  would  involve  decomposing  the 
input  intensity  image  according  to  orientation.  Such  an 
approach  can  be  found  in  the  recent  work  of  Ileeger  [18j. 
In  section  7,  we  propose  a  modified  form  of  our  frame¬ 
work,  in  which  all  three  categories  of  techniques  are  uni¬ 
fied.  This  new  approach  appears  to  be  biologically  feasible 
and  naturally  suited  for  connectionist  models  of  compu¬ 
tation.  In  our  own  future  research,  we  intend  to  explore 
possible  methods  of  implementing  this  approach. 

2  The  Computational  Framework 

2.1  The  computational  goals 

The  goals  of  the  process  of  computing  image  displacements 
are  determined  by  three  major  factors:  the  nature  of  its 
input.,  the  requirements  on  the  output,  and  computational 
efficiency  constraints.  The  input  is  a  pair  of  digitized 
frames  belonging  t.o  a  discrete  image  sequence.  'I'he  im¬ 
age  displacements  may  be  due  to  a  general  3  dimensional 
motion  of  the  camera  or  the  independent  motion  of  ob¬ 
jects  in  the  scene.  The  output  should  be  a  dense  field  of 
displacement  vectors  with  associated  confidence  measures. 
All  the  computations  must  be  pixel-parallel  and  use  local 


image  infor  nation  Our  motivations  for  choosing  this  set 
of  goals  ar  explained  below. 

The  input,  In  typiral  video  sequences,  the  inter-frame 
displacements  are  usually  considerably  larger  than  a  pixel. 
Usually,  due  to  the  presence  of  independently  moving  ob¬ 
jects,  a  single  set  of  3-D  motion  parameters  will  not  be 
consistent  with  the  entire  image.  The  objects  in  the  en¬ 
vironment  are  assumed  to  be  composed  of  cont  inuous  and 
opaque  surfaces.  It  is  also  assumed  that  (i)  within  the 
image-area  covered  by  a  single  surface,  the  displacement 
field  varies  smoothly,  and  (ii)  the  image-motion  ran  he  de¬ 
scribed  as  “locally  translational",  i.e.,  within  a  small  area 
of  the  image,  the  displacement  field  can  be  approximated 
by  a  translational  flow  field.  Discontinuities  in  image  mo¬ 
tion  will  occur  at  the  boundaries  of  surfaces  and  objects. 

The  assumptions  stated  above  are  satisfied  in  a  large 
class  of  real  images.  'I’lte  major  exceptions  arise  when  the 
images  contain  transparent  and  or  “fence-like”  surfaces, 
when  the  points  on  an  object,  undergo  non-rigid  or  chaotic 
motion,  and  when  the  amount  of  rotation  is  significant. 

The  output  The  requirement  that,  the  output  should 
he  a  dense  displacement,  field  with  a  confidence  measure 
's  derived  from  the  conclusions  of  t  he  various  studies  con¬ 
cerning  the  problem  of  extracting  structure  from  motion 
[2,3,13,31,37).  These  studies  indicate  that  a  large  num¬ 
ber  of  image,  displacements  are  necessary  for  the  accurate 
determination  of  the  structure  of  the  environment.  In  ad¬ 
dition,  there  should  be  an  indication  of  the  reliability  of 
the  displacements,  so  that  inaccurate  ones  ran  he  ignored. 
Adiv’s  approach  [2]  which  appears  to  be  at  least,  par  'tally 
successful  at  segmenting  independently  moving  objects,  as¬ 
sumes  no  a  prion  knowledge  of  the  image-locations  of  such 
objects.  Therefore,  the  density  of  the  displacement  vector 
field  should  be  large  uniformly  across  the  itrtage.  These 
Conclusions  are  further  supported  by  his  analysis  of  the 
inherent  ambiguities  in  the  interpretation  of  motion  [3i. 

Computational  considerations  The  considerations 
of  computational  efficiency  and  ease  of  implementation 
suggest  that  the  following  three  properties  are  desirable 
for  all  of  our  computations:  parallelism,  uniformity ,  and 
localness. 

Parallelism  simply  means  that  it  should  be  possible  to 
perform  all  computations  simultaneously  at  all  locations 
on  the  image-plane.  Uniformity  implies  that,  the  process 
should  be  similar  at,  all  locations.  It.  should  be  possible 
to  describe  any  differences  between  the  computations  at. 
different,  locations  in  terms  of  a  few  simple  parameters. 
Localness  means  that  the  computations  at,  any  point  on 
the  image  should  be  based  on  information  local  to  that 
point. 


2.2  Spatial-frequency  decomposition 

As  noted  briefly  at  the  beginning  of  this  paper,  the  key  idea 
underlying  our  computational  strategy  is  the  separation  of 
computation  on  the  basis  of  scale.  Intuitively,  it  is  clear 
that  while  small  scale  intensity  structures  can  be  used  to 
measure  displacements  over  a  short  range,  they  may  have 
many  duplicate  matches  over  a  large  range.  This  leai  , 
to  ambiguities  in  the  computation  of  the  displacements. 
Therefore,  in  order  to  process  large  displacements,  large 
scale  intensity  information  must  be  used,  However,  a  sin 
gle  displacemt.  >t  computed  on  the  basis  of  a  large  scale 
intensity  structure  will  be  an  average  of  the  displacements 
over  the  area  covered  by  that  structure;  hence,  its  accu¬ 
racy  will  be  low.  Such  a  “smoothed”  displacement,  field 
will  also  vary  slowly  over  the  image  plane;  hence,  it  can  be 
sampled  at  a  lower  rate  without  loss  of  information. 

These  observations  lead  to  the  following  principle:  large- 
scale  image  structures  can  he  used  to  measure  displace¬ 
ments  over  a  large  range  with  low  accuracy  and  at  a  low 
sampling  density,  while  small-scale  image  structures  can 
be  used  to  measure  displacements  over  a  short  range  with 
higher  accuracy  and  at  a  higher  sampling  density.  An  obvi¬ 
ous  way  to  enforce  this  principle  is  to  decompose  the  image 
into  its  spatial-frequency  components.  Such  a  decompo¬ 
sition  and  the  subsequent  processing  can  be  achieved  by 
using  a  set  of  spatial-frequency  channels. 

Since  the  lower-frequency  information  can  be  sampled 
at.  a  lower  rate  without  any  significant  loss  of  informa¬ 
tion,  the  spatial-frequency  decomposition  process  is  usu¬ 
ally  accompanied  by  a  corresponding  reduction  of  resolu¬ 
tion  [9,38].  Such  an  approach  leads  to  a  pyramid  represen¬ 
tation  of  the  spatial-frequency  channels  and  fits  naturally 
into  a  pyramid  [21,32]  or  a  processing-cone  [17[  architec¬ 
ture.  However,  since  the  final  choice  of  a  representation 
scheme  depends  on  the  type  of  hardware  which  is  used, 
a  pyramid  representation  is  not  an  essential  part  of  our 
framework. 

2.3  The  match-criterion 

As  noted  earlier,  the  match-criterion  is  a  method  for  deter¬ 
mining  the  displacements  within  each  channel.  Since  the 
displacement  measured  is  small  with  respect,  to  the  scale 
of  the  intensity  variations  within  a  channel,  a  gradient- 
based  approach  can  be  used  (see  [  12,15]).  Alternatively, 
a  correlation-matching  approach  [6,I0,M[  or  a  symbolic 
matching  approach  based  on  primitive  tokens  ,16,23)  can 
also  be  used.  The  separation  of  matching  according  to 
scale  implies  that  the  match-criterion  should  have  a  scaling 
property,  i.e.,  the  measurement  processes  within  different, 
channels  should  be  scaled  versions  of  each  other.  Note  that 
such  a  scaling  property  is  directly  provided  in  a  pyramid 
representation. 


may  change  due  to  motion  This  assumption  leads  to  the 
following  equation,  which  is  called  tiie  intensity  constraint : 

|V/|f/x  -  h  (!) 

where  |V7  is  the  magnitude  of  the  intensity  gradient- 
vector  V7  ( /r ,  /y ) ,  7,  is  the  temporal  derivative  of  the 
intensity  function,  and  Ul  is  the  component  of  the  image 
velocity1  U  parallel  to  V /.  The  other  component  U1 ,  along 
the  direction  perpendicular  to  VI,  is  unspecified  by  this 
constraint  .  Since  the  orientation  of  the  intensity  gradient 
vector  is  normal  to  the  direction  of  the  “edge”  at  a  point, 
Ux  and  IJT  are  respectively  called  the  “normal-flow”  and 
the  “tangential-flow”  components  of  the  edge.  The  lack 
of  information  regarding  the  tangential-flow  component  is 
known  as  the  “aperture  problem” 

Since  the  intensity  constraint  specifies  only  one  com¬ 
ponent  of  the  image-velocity  at  a  point,  an  additional  con¬ 
straint  is  necessary  to  completely  determine  the  velocity 
vector,  usually  given  in  the  form  of  a  smoothness  con¬ 
straint  on  the  velocity  field  [20,19,27,29).  For  this  paper, 
Horn  and  Srhunk’s  formulation  [20]  and  Nagel’s  formula¬ 
tion  127,29]  are  of  particular  interest,  because  they  are  re¬ 
spectively  used  in  the  multi-resolution  gradient-based  al¬ 
gorithms  of  Glazer  and  Enkelmann.  These  two  formula¬ 
tions  of  the  smoothness  constraints  are  discussed  in  detail 
wit  hin  t  he  descript  ions  of  the  hierarchical  techniques  given 
below.  It  should  be  noted  that  both  techniques  apply  the 
intensity  constraint  for  the  computation  of  displacement. 
Such  an  approximation  of  velocities  by  displacements  is 
reasonable  because  of  the  hierarchical  processing  schemes 
used,  in  which  all  displacement,  measurements  are  small 
compared  to  the  scale  of  image-intensity  variations. 

Eiikoliiiaiin's  approach 

Enkelmann  [  1 2 1  uses  the  low-pass  pyramid  transform 
described  by  Crowley  and  Stern  |tl|  to  create  a  set  of 
Gaussian  low-pass  filters.  After  the  construction  of  a  low- 
pass  pyramid  from  each  image,  the  processing  begins  at 
a  particular  coarse  level;  the  description  of  his  technique 
does  not  specify  how  *’  is  level  is  chosen.  At  the  coars¬ 
est  level,  the  initial  displacement  field  consist.s  of  vectors 
of  zero  length.  At  all  other  levels  the  initial  displacement, 
field  is  determined  by  projecting  the  field  computed  at  the 
adjacent,  coarser  level.  The  projection  process  involves  a  bi¬ 
linear  interpolation  of  the  displacement  vectors  in  a  small 
neighborhood  of  the  field  at  the  coarse  level. 

Within  each  level,  the  process  of  refining  the  initial  dis¬ 
placements  is  based  on  Nagel’s  gradient-based  approach 
[27,29] .  In  this  approach,  an  area  around  each  pixel  in 
the  image  is  shifted  according  to  the  initial  displacement 
vector  at,  that  pixel.  The  refinement  to  the  initial  dis 

1 1 11  computer  vision,  the  convention  Inis  lieen  to  denote  the  ini  a  Re- 
velnrily  hy  V .  However,  we  wish  to  reserve  ,. lint  symbol  for  the  inmRo- 
displncement.s  between  successive  frames.  Itcnct.  we  have  used  V  to 
denote  t  lie  velocity. 


placement,  field  is  computed  by  minimizing  the  functional 
E  Hint  I  n2E.m  where  Eln,  is  a  formulation  of  the  inten¬ 
sity  constraint  mentioned  above,  and  E„„  re;  resents  the 
smoothness  assumption,  and  measures  the  spatial  varia¬ 
tion  of  the  displacement  field.  Mathematically, 
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where  /  is  the  intensity  function  of  the  shifted  first  image, 
J  is  the  intensity  function  of  the  second  image,  and  E  is 
a  weight  matrix  which  depends  on  the  spatial  derivatives 
of  the  image  intensity  function  /.  The  inclusion  of  II  has 
the  effect  of  allowing  the  free  propagation  of  the  smooth 
ness  assumption  along  image-contours,  while  restricting  its 
propagation  across  the  contours. 

By  using  the  Euler-bagrange  equations,  and  ignoring 
the  second-order  terms  of  ( w , «>) ,  as  well  ns  the  third  and 
higher  order  spatial-derivatives  of  the  intensity  function, 
the  functional  minimization  problem  is  transformed  to  that, 
of  solving  the  following  differential  equations: 
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where 


and 
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The  VV  operator  represents  the  matrix  of  second  deriva¬ 


tives,  c.g., 
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and  .r2  denotes  the  size  of  a  small  image-window  around 
a  point.  (r,ij)  which  represents  that  point.  Note  that  in 
the  limit,  when  the  time  interval  between  the  two  frames 
tends  to  zero,  the  displacements  in  the  above  dilleren- 
tial  equation  can  be  replaced  by  the  corresponding  image- 
velocities,  provided  A  /  is  replaced  by  //,  the  temporal  in¬ 
tensity  derivative. 

By  using  the  finite-diHerence  approach,  the  diHerent'nl 
equations  are  further  transformed  into  a  large  sparse  sys¬ 
tem  of  linear  equations.  These  linear  equations  are  then 
solved  using  a  multi-resolution  relaxation  approach.  I  lit 
details  of  the  relaxation  process  are  not  relevant  lor  the 
purposes  of  this  paper,  although  they  may  lit'  important 
for  an  ellirient  implementation. 

Glazor’s  approach 

Glazer  also  use's  a  Gaussian  low-pass  pyramid  repre¬ 
sentation  of  the  input  images  and  employs  a  hierarchical 
version  of  the  Horn  and  Schunck  approach.  Ilowevei  the 


exact  algorithm  for  the  construction  of  the  pyramid  is  dif¬ 
ferent;  Glazer  uses  Burt’s  Gaussian-pyramid  transforma¬ 
tion  described  in  [9],  After  the  construction  of  the  low- 
pass  pyramids,  the  processing  begins  at  a  coarse  level  at 
which  the  magnitudes  of  the  displacements  are  expected 
to  be  less  than  a  pixel.  A  coarse-to-fme  control-strategy  is 
used;  the  projection  of  the  displacements  between  adjacent 
levels  is  according  to  the  quad-tree  connectivity,  wherein 
each  pixel  at  a  coarse  level  is  regarded  as  the  “parent”  of 
four  pixels  at  the  adjacent  finer  level.  Each  “child”  uses  the 
displacement  of  the  parent  pixel  as  its  initial  displacement. 

As  in  Enkelmann’s  approach,  a  window  around  each 
pixel  in  the  first  image  is  shifted  according  to  the  ini¬ 
tial  displacement  at  that  pixel.  The  refinement  process 
also  consists  of  minimizing  the  sum  of  two  functionals  Eln, 
and  E,m ,  which  represent  the  intensity  constraint  and  the 
smoothness  assumption.  Glazer  defines  the  two  errors  as 

Eint  jjdxdy\Vl\\U^  K1)2,  (7) 

and 

E,m  -  fj  dxdy{VUT)T(VUT).  (8) 

As  before,  U 1  is  the  component  of  the  displacement  vector 
U  parallel  to  the  intensity-gradient  vector  V/,  and  l'  L 
A//|V/|.  Once  again,  replacing  A /  by  I,  leads  to  a 

similar  equation  involving  the  image-velocity  U . 

Glazer  also  uses  the  EiUer-Lagrange  equations  to  t  rans¬ 
form  this  problem  into  a  set  of  differential  equations,  and 
obtains  a  system  of  linear  equations  by  using  the  finite- 
difference  approach.  The  set  of  differential  equations  he 
obtains  are, 


V/[(V/)rf/  +  /, 


2  trace.  (Wt) 
trace.  {We} 


0,  (9) 


where  the  operator  VV  is  as  defined  above. 

He  also  uses  a  multi-resolution  relaxation  process  to 
solve  his  system  of  equations,  although  his  approach  is 
more  complex  than  Enkolmann’s  method  and  is  based  on 
recent  thoeret.ical  work  concerning  general  multi-level  re¬ 
laxation  techniques.  It,  involves  dynamic  switching  be¬ 
tween  the  levels  (up  and  down)  according  t.o  the  current 
rate  of  convergence  during  the  course  of  t  he  process.  The 
hierarchical  gradient-based  approach  and  multi-level  relax¬ 
ation  are  both  described  in  detail  in  [15|. 


3.2  The  matching  approaches 

Whereas  the  gradient-based  approaches  use  the  continu¬ 
ous  variations  of  the  intensity  over  time,  the  matching 
approaches  are  formulated  for  determining  the  displace¬ 
ments  of  image-events  from  two  discrete  frames.  The  type 
of  matching  approach  is  characterized  bv  the  choice  of 
the  “image-event”  which  is  matched  and  the  criterion  for 
matching  that  event.  These  techniques  can  be  broadly 
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classified  as  correlation-based  matching,  approaches  and  sym¬ 
bolic  token  matching  approaches. 

Correlation-based  matching  Correlation-based  match¬ 
ing  involves  representing  an  image  pixel  by  a  template  win 
dow  centered  at  that  pixel.  The  “match-measure”  between 
two  pixels  is  computed  by  comparing  the  intensities  at 
the  corresponding  positions  of  the  two  template  windows. 
The  most  common  match-measures  are  direct  correlation, 
mean  normalized  correlation,  variance  normalized  correla¬ 
tion,  and  the  sum-of-squared-differences.  In  some  cases, 
the  match  measure  may  be  a  weighted  sum  of  the  individ¬ 
ual  pixel  comparisons.  Usually,  the  weights  are  chosen  to 
increase  the  contribution  of  the  pixels.  The  “best-match” 
of  a  pixel  is  determined  by  optimizing  the  match-measure 
over  a  set  of  candidate-match  pixels. 

Symbolic-token  matching  Symbolic  matching  tech¬ 
niques  use  a  symbolic  representation  of  geometric  struc¬ 
tures  in  the  image  as  the  basis  for  matching.  Such  an 
approach  is  motivated  by  the  view  that  geometric  struc¬ 
tures  in  the  image  often  correspond  to  “interesting”  phys¬ 
ical  structures  in  the  31)  environment.  These  structures 
are  interesting  because  they  may  be  easily  distinguishable 
from  other  such  structures  and  are  likely  to  be  stable  over 
several  image  frames.  In  practice,  however,  the  extraction 
of  useful  symbolic  structures  is  difficult,  and  attention  is 
focused  on  interesting  image  points  and  edges. 

The  most  successful  matching  approaches  for  comput¬ 
ing  image-displacements  use  a  hierarchical  matching  ap¬ 
proach  [6,10,14,22,23,26,38],  In  most  of  these  techniques, 
the  hierarchical  approach  is  chosen  for  the  same  reasons 
as  those  used  in  the  development  of  our  framework.  Of 
these,  the  one  that  is  most  consistent  with  our  framework 
is  Anandan’s  technique.  This  technique  is  described  be¬ 
low.  For  a  detailed  discussion  of  the  relationship  of  each 
of  the  hiearchical  matching  techniques  to  our  framework, 
refer  to  [7]. 

Aiiandan’s  hierarchical  matching  technique 

Anandan  uses  Burt’s  baplacian  pyramid  transforma¬ 
tion  [9]  to  create  a  set  of  difference-of-Gaussian  filters.  This 
process  involves  computing  the  difference  between  the  im¬ 
ages  at  each  pair  of  adjacent  levels  of  Burt’s  Gaussian  pyra¬ 
mid.  The  baplacian  pyramid  provides  a  set  of  band-pass 
filters  rather  than  a  set  of  low-pass  filters.  The  motivation 
for  choosing  band-pass  filters  was  based  on  empirical  stud¬ 
ies  [8]  which  indicate  that  correlation  matching  is  more 
reliable  when  such  filters  are  used. 

As  in  Glazer’s  algorithm,  the  process  begins  at  a  coarse 
level  at  which  the  magnitudes  of  the  displacements  are 
less  than  a  pixel.  A  coarse-to-fme  control  strategy  is  also 
used,  although  the  method  of  transferring  displacements 
to  a  finer  level  is  somewhat  different  from  that  used  by 
Glazer  and  Enkelmann.  In  this  method,  which  is  called 
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the  overlapped  pyramid  proj^tion  scheme,  each  child  pixel 
has  four  parents  and  can  therefore  have  up  to  four  distinct 
initial  displacements.  The  search  area  for  the  best  match 
consists  of  the  union  of  all  the  pixels  in  the  four  3x3  pixel 
areas  surrounding  the  four  initial  match  estimates.  For 
details,  see  [5,7). 

The  match-criterion  used  is  the  minimization  of  Gaussian- 
weighted  sum-of-squared-difTerences  (SSD)  with  5x5  pixel 
template  windows.  A  search  process  was  used  to  deter¬ 
mine  the  best  match  pixel  contained  in  the  search  area  de¬ 
fined  above.  Recognizing  the  fact  that  a  match  so  obtained 
may  not  always  be  unique,  Anandan  computes  a  direction- 
dependent  confidence  measure  associated  with  the  best 
match. 

The  confidence  measure  is  derived  from  ‘he  distribu¬ 
tion  of  the  SSD  values  around  the  best  match  estimate. 
Two  confidence  values  Cmaz  and  Cmln,  which  are  propor¬ 
tional  to  the  two  principal  curvatures  of  the  SSD  surface 
are  associated  with  the  displacement  components  along  the 
directions  of  the  two  principal  axes  of  that  surface.  The 
unit-vectors  along  the  principal  axes  are  denoted  as  emal 
and  em,„.  It  has  been  shown  that  these  measures  distin¬ 
guish  between  corners,  edges,  and  homogeneous  image  ar¬ 
eas  [6,7  j . 

A  smoothness  constraint  is  formulated  as  the  minimiza¬ 
tion  of  the  sum  of  two  functionals  Ezpp,  and  E,m.  Let 
D(x,y)  denote  the  displacement  obtained  for  the  pixel 
located  at  image  position  (x,y)  by  minimizing  the  SSD 
measure  as  noted  above.  The  functional  E„PP(U)  mea¬ 
sures  how  well  a  displacement-field  U(x,y)  approximates 
D(x,y ),  while  the  functional  E,m(U)  is  identical  to  the  one 
used  by  Glazer.  Mathematically, 


EaPP  J  J  dx  dy  Cmaz  ((//  E)  •  emaT^j  4 

Cmm  ((U  -  D)  ■  em,„)2]  . 


(10) 


Anandan  uses  the  finite-element  approach  to  solve  the 
minimization  problem,  which  also  leads  to  a  relaxation  al¬ 
gorithm.  The  finite-element  method  is  chosen  because  it 
allows  the  inclusion  of  known  discontinuities  in  the  dis¬ 
placement  field;  the  propagation  of  the  smoothness  con¬ 
straint  across  such  discontinuities  can  be  avoided.  Several 
ideas  for  the  detection  of  discontinuities  are  proposed,  al¬ 
though  these  ideas  have  not  been  tested  thoroughly. 


4  Relationship  of  the  Hierarchical 
Approaches  to  Our  Framework 

This  section  explains  the  relationship  of  the  tnree  hierar¬ 
chical  techniques  to  our  framework.  Our  purpose  here  is  to 
show  that  all  the  components  of  the  framework  are  present 
in  each  of  the  three  techniques,  and  explain  the  particular 
implementation  choices  made  for  those  components. 


From  the  descriptions  given  above,  it  should  be  obvi¬ 
ous  that  all  techniques  use  spatial-frequency  channels,  and 
a  coarse-to-fine  control  strategy.  Glazer  and  Fmkelmann 
each  use  Gaussian  low-pass  filters,  whereas  Anandan  uses 
band-pass  filters.  From  our  point  of  view,  band-pass  filters 
are  more  appropriate,  because  they  offer  a  greater  separa¬ 
tion  of  the  spatial-frequencies.  The  control-strategy  is  also 
similar,  except  for  the  differences  in  the  projection  scheme. 

As  noted  earlier,  Anandan  uses  the  minimization  of  the 
SSD  as  the  match-criterion,  computes  direction  dependent 
confidence  measures,  and  includes  a  smoothness  constraint 
which  uses  the  confidence  measures.  Hence,  his  technique 
is  completely  consistent  with  our  framework.  On  the  other 
hand,  the  match-criterion,  the  confidence  measures,  and 
the  smoothness  constraint  have  not  been  made  explicit  in 
the  two  gradient-based  techniques.  However,  a.  close  anal¬ 
ysis  of  the  mathematical  formulations  of  the  minimization 
problems  reveals  that  these  three  components  have  been 
implicitly  used.  In  this  section,  we  establish  a  one-to- 
one  relationship  between  the  minimization  problems  for¬ 
mulated  in  each  of  the  gradient-based  techniques  and  in 
Anandan’s  matching  technique. 

In  all  three  cases,  the  smoothness  constraint  is  formu¬ 
lated  as  the  functional  E,m.  Although  Enkelmann’s  for¬ 
mulation  appears  different  from  the  others  because  of  the 
inclusion  of  the  weight  matrix  W ,  the  other  two  formula¬ 
tions  can  be  cast  in  the  same  form  hy  using  the  identity 
matrix  in  the  place  of  IV. 

It  has  been  shown  in  [7]  that  a  correspondence  can 
be  made  between  the  functionals  Emi  used  by  Glazer  and 
Enkelmann  and  the  Eapp  used  by  Anandan.  This  corre¬ 
spondence  can  be  summarized  as  the  following  'heorem: 

Theorem  In  the  limit,  when  the  inter-frame  time  in¬ 
terval  tends  to  zero,  the  formulation  of  the  approximation 
error  for  image  displacements  used  in  the  discrete  matching 
approach  converges  to  the  second-order  formulation  of  Elnt 
for  image-velocities  used  in  the  gradient-based  approach, 
provided  the  third  and  higher  order  spatial  intensity  deriva¬ 
tives  are  ignored.  Further,  when  the  window-size  repre¬ 
sented  by  x 2  tends  to  zero,  Eapp  converges  exactly  to  the. 
first  order  gradient-based  formulation  of  Emt 

The  proof  of  this  theorem  is  too  long  for  this  paper,  and 
can  be  found  in  [7],  However,  the  approach  is  outlined 
below,  which  also  identifies  the  confidence  measures  im¬ 
plicitly  used  in  the  gradient-based  formulations. 

It  has  been  shown  by  Nagel  [28)  that  if  the  third  and 
higher  order  spatial-derivatives  are  ignored,  the  minimiza¬ 
tion  of  the  SSI)  measure  is  equivalent  to  solving  the  equa¬ 
tion  AU  b,  where  A  and  b  are  as  defined  in  equa¬ 
tions  (5)  and  (6).  This  equation  is  reproduced  below: 

((V/)(V/)r  +  .r’(VV/)(VV/)r)f/-  ( 

(MV/)  F  t2(VV /)(V /())  . 


725 


I 


„V< 

-V“ 

aV- 


*  ■ 
> 
,v- 

£V* 


t 

IT 

'-A 

aVJ 


/.V, 


,v/- 


to 


/•V* 

. 


( 


*  -  ,»  “ 
»  J  * 


t 

fry 

■HSf: 


* 


u\%\ 


In  7),  we  have  also  shown  that  in  this  limiting  case,  the 
principal  curvatures  and  the  associated  principal  axes  of 
the  SSD  surface  are  the  eigenvalues  and  the  corresponding 
eigenvectors  of  A.  Since  the  confidence  measures  computed 
by  Anandan  are  proportional  to  the  principal  curvatures, 
his  approximation  error  ran  be  rewritten  as 


fjdxdy  [A,  ({(}  /J)  ■  e,)2  4  A2((F-  D)  ■ 


(12) 

where  D  is  any  solution  to  equation  (11),  A2  and  A2  are 
the  two  eigenvalues  of  A,  and  et  and  e2  are  the  associated 
unit  eigenvectors. 

Equation  (12)  can  be  further  rewritten  as 


Eapr  J f  dxdy(V  l))1  A(V  D).  (13) 

In  [7)  we  also  show  that  the  use  of  Euler-bagrange  equa¬ 
tions  on  the  functional  E„rv  leads  to  the  differential  equa¬ 
tion  (4).  Hence,  for  all  practical  purposes,  Enkclmann’s 
intensity  constraint  given  in  equation  (2)  is  equivalent  to 
the  Eapp  used  by  Anandan. 

If  in  the  formulations  of  A  and  b ,  the  window  size  t2  is 
set  to  zero,  equation  (11)  reduces  to 


(V/)7f/  lt , 


which  is  equivalent  to  the  normal-flow  equation  ( I ).  More¬ 
over,  it  can  be  shown  that  in  this  case, 


Ai  0,  A2  |V/|2.  and  e,  ey/.  (14) 

With  these  substituions,  the  formulation  of  E„vp  given  in 
equation  (12)  reduces  exactly  to  that  used  by  C.lazer.  From 
this,  it  is  clear  that  Glazer  determines  the  norrnai-flow 
component  K1  to  be  /(/)V / 1 ,  and  associates  a  confidence 
of  1 V / 12  with  it.  The  tangential-flow  compcnent  can  be 
arbitrarily  set  to  any  value  with  a  confidence  measure  of 
zero. 

The  direction-dependent,  properties  of  t  he  second-order 
equation  AU  b ,  and  the  behavior  of  its  solution  at  cor¬ 
ners,  edges,  and  homogeneous  areas  have  recently  been 
discussed  by  Nagel  in  J30).  However,  the  fact  that  the 
eigenvalues  can  be  regarded  as  confidence  measures  of  the 
displacement-components  along  the  directions  of  t  he  eigen¬ 
vectors  has  not  boon  mentioned.  In  particular,  the  key 
equations  (13)  and  (12)  have  not  been  derived;  instead,  in 
[ 29]  the  differential  equation  Ati  b  has  been  obtained 
in  a  more  indirect  manner.  The  two  major  advantages  of 
the  explicit  identification  of  the  confidence  measures  arc1: 
(i)  the  three  techniques  are  unified  into  a  single  framework, 
and  (ii)  the  confidence  measure  can  also  he  used  outside 
the  smoothness  constraint  as  in  2  . 

In  summary,  the  three  most  successful  hierarchical  ap¬ 
proaches  appear  to  be  completely  consistent  with  our  frame¬ 
work  Moreover,  the  three  approaches  are  essentially  the 
same.  The  distinctions  arise’  in  the  exact  formulations  of 
the  various  components  (e.g.,  the  use  of  the  matrix  11 


in  the  smoothness  constraint,  the  method  of  coarse-to- 
fine  projection,  etc.),  and  in  the  type  of  input  assumed, 
i.e.,  continuous  image-stream  vs.  discrete  image  sequence. 
Since  our  framework  allows  the  explicit  identification  of 
the  various  components,  the  development  of  a  single  ro¬ 
bust  system  which  incorporates  the  best  implementation 
choices  for  each  component  is  within  reach. 

5  Processing  Discontinuities  in  Im¬ 
age  Motion 

In  t  his  section,  we  consider  one  of  the  major  unsolved  prob¬ 
lems  in  t  he  analysis  of  visual  motion  in  relat  ion  to  our  com 
putational  framework.  This  situation  involves  processing 
discontinuities  in  image  motion,  which  are  present  at  the 
boundaries  of  surfaces,  or  at  the  boundaries  of  objects. 
Around  the  locations  of  such  discontinuities,  the  smooth¬ 
ing  involved  in  the  spatial-frequency  decomposition  pro¬ 
cess  creates  intensity  structures  that  have  no  physical  cor¬ 
relates.  Therefore,  the  information  contained  in  the  lower- 
frequency  channels  in  the  two  images  will  be  inconsistent. 
The  local  translational  assumption  and  the  spectral  con¬ 
tinuity  principles  are  also  violated.  Finally,  it  would  he 
inappropriate  to  apply  the  smoothness  constraint  across 
such  boundaries. 

The  inconsistency  between  expected  behavior  of  the 
matching  process  and  the  actual  behavior  are  possible  clues 
to  the  detection  of  such  discontinuities.  For  instance,  a 
large  value  for  the  minimum  of  the  SSI)  measure  could 
indicate  the  presence  of  occlusion  or  discontinuities  in  im¬ 
age  motion.  A  comparison  of  the  shape  of  the  auto-  and 
cross-  SSI)  surfaces  may  also  help  in  the  identification  of 
such  discontinuities.  A  detailed  discussion  of  the  behavior 
of  the  SSD  surfaces  at  occluded  areas  and  at  locations  of 
discontinuities  in  image  motion  can  be  found  in  (7). 

6  Demonstrative  Results 

'I'll is  section  demonstrates  the  feasibility  of  the  ideas  con¬ 
tained  in  our  framework  by  showing  the  performance  of 
Anandan’s  matching  algorithm  on  a  pair  of  real  images 
containing  both  earner  i  as  well  as  independent  object,  mo¬ 
tion.  This  algorithm  ha'  been  tested  on  more  than  a  dozen 
image  pairs,  and  its  performance  appears  to  be  fairly  con¬ 
sistent  [7]. 

The  input  images  are  the  two  128  v  128  resolution  im¬ 
ages  shown  in  figure  2.  The  scene  consists  of  a  toy  di¬ 
nosaur,  a  toy  chicken  in  the  background,  and  a  tea  box  in 
the  foreground,  all  of  which  rest  on  a  table-top  which  has  a 
grid-pattern  on  it.  The  3-D  motion  between  the  two  frames 
consists  of  a  translation  of  the  camera  to  the  right,  along 
with  a  leftward  rotation  about  the  vertical  axis  (in  order  to 
bring  the  scene  back  into  view),  as  well  as  an  independent 
movement  of  the  toy  dinosaur.  This  scene  is  of  interest, 
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Figure  2:  The  input  images  for  the  dinosaur-image  experiment 
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Figure  3:  The  un-smootled  displacement  vector  fields  at 
the  finest  level  of  the  pyramid.  In  order  to  enhance  visibility 
only  a  32  x  32  sample  of  the  defacements  have  been 
shown, 

for  the  obvious  reason  that  it  contains  an  independently 
moving  object  besides  a  complex  camera  motion 

Figure  3  shows  the  displacement  field  at  the  finest  level 
of  the  pyramid  computed  by  the  hierarchical  mat<  hiug  pro¬ 
cess  without,  smoothing ,  while  Figure  -I  displays  the  dis¬ 
placement  field  at  the  finest  level  produced  by  the  hi¬ 
erarchical  algorithm  with  smoothing.  Figure  h  displays 
the  smoothed  displacement  field  superimposed  on  the  first 
trarne  Figure  0  displays  the  confidence  measure  at  the 
linest  level 


Figure  4:  The  smoothed  displacement  vector  fields  at  the 
finest  level  of  the  pyramid.  In  order  to  enhance'  visibil¬ 
ity  only  a  32  v  32  sample  of  the  displacements  have  been 
shown. 


It,  is  evident  from  the  figures  that  the  algorithm  per¬ 
forms  remarkably  well  on  this  real  image  with  complex 
motion.  It  also  appears  that  the  smoothness  constraint 
has  generally  been  useful  in  “filling  in”  at,  several  areas 
of  the  imago,  o.g.,  the  lower-right  portion  of  the  dinosaur, 
part  of  the  chicken,  and  the  floor. 

The  expected  behaviors  of  the  confidence  measures  at 
corners,  edges,  and  homogeneous  areas  art'  confirmed  by 
the  displays  in  Figure  (i.  In  order  to  make  these  behaviors 
more  explicit,  wo  attempted  to  <  russify  the  image  pixels 
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according  to  t ho  following  criteria: 

•  if  cmin  0.5  the  pixel  is  classified  as  a  corner, 

•  if  '  m,lx  >  100  an,l  Cm(lj  >  l,  the  pixel  i.s  classified  as 

^  m  t  u 

an  edge,  and 

•  if  rmiU  <  0.5  and  maJ  <  5  t  he  pixel  is  classified  as  a 

^mirt 

point  in  a  homogeneous  area. 


Figure  7  displays  the  results  of  this  classification. 

Two  areas  of  the  image  of  particular  interest  are  at  the 
boundary  between  the  chicken  and  the  dinosaur,  and  the 
boundary  between  the  tea  box  and  the  floor.  The  first  area 
has  been  maintained  correctly  during  the  smoothing  pro¬ 
cess.  This  is  because  the  confidence  values  are  rather  large 
for  the  vectors  on  either  side  of  this  boundary,  and  this 
prevents  those  vectors  from  changing  during  the  smooth¬ 
ing  process.  However,  the  area  of  the  floor  just  left  of  the 


Figure  .5:  The  smoothed  displacement  vector  field  at  the 
finest  level  of  the  pyramid  superimposed  on  the  first  input 
frame.  In  order  to  enhance  visibility  only  a  32  32  sample 

of  the  displacements  have  been  shown 


Figure  7:  The  dinosaur-image  experiment:  The  classifi¬ 
cation  of  pixels  as  corners,  edges,  or  homogeneous  areas. 
The  top-left  quadrant  contains  t)  <  input  image.  In  the  im¬ 
ages  shown  in  the  top-right,  bot.m  •  left,  and  bottom-right 
quadrants,  the  corners,  edges,  -  ,m  the  homogeneous  areas 
have  boon  highlighted 


figure  fi:  The  confidence  measures  at.  the  finest  level  of  the  pyramid  I  he  confidence  rm,lT  is 
displayed  on  the  left  as  an  intensity  image,  while  the  confidence  cmm  is  displayed  on  the  right 
The  direction  vectors  emilT  are  superimposed  on  tl  e  c„„,r  image. 
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uea  box  has  displacements  that  are  obviously  incorrect,  be¬ 
cause  the  highly  reliable  displacements  at  the  edge  of  the 
tea  box  have  influenced  their  less  r«  liable  n<  ighbors. 

7  The  Modified  Hierarchical  Frame¬ 
work 

7.1  An  overview  of  energy  models 

Recently,  a  number  of  psychophysical  models  l,.'!!j,3(i|  for 
the  measurement  of  motion  in  the  human  visual  syste.  r 
have  been  shown  to  be  closely  related  to  each  other.  These 
have  been  grouped  under  the  title  “spatio-temporal  energy 
models’’  by  Adelson  and  Bergen  1 

/  I  of  the  energy  models  have  focused  on  t  he  problem  of 
determining  the  direction  (and  possibly  the  speed)  of  mo¬ 
tion  of  a  one  dimensional  signal  Based  on  the  fact  t  hat.  I  he 
movement  of  a  I-D  signal  with  a  sharp  gradient  creates  a 
linear  structure  in  the  spatio-temporal  domain,  the  prob¬ 
lem  of  determining  the  speed  of  the  signal  is  equated  to 
that  of  determining  the  slope  of  the  linear  structure.  As 
explained  by  Adelson  and  Bergen  I  ,  the  determination 
of  this  slope  involves  the  construction  of  a  set.  of  simple 
linear  spatio-temporal  energy  detectors.  Each  of  these  de¬ 
tectors  can  be  regarded  as  a  simple  linear  filter  which  is 
tuned  to  ..  specif  c  area  of  the  visual  field  ( i.e. ,  an  area 
of  the  image  plane) ,  a  specific  range  of  spatinl-frequeitci  s, 
and  a  specific  “sign”  of  motion  (i.e..  right,  left,  or  station¬ 
ary).  As  it  is  usually  the  case  with  simple  linear  filters, 
th"  response  of  each  unit  increases  from  zero  to  a  peak 
value  within  a  finite  range  of  locations,  frequencies,  and 
speeds.  It  also  appears  that  an  inverse  relationship  ex¬ 
ists  between  the  spatial-frequency  and  the  speed  to  which 
a  unit  is  tuned,  i.e.,  units  that  are  tuned  to  low  spatial- 
frequencies  are  more  sensitive  to  larget  speeds  and  vice 
versa. 

Since  these  model  have  been  developed  recently,  there 
has  not  been  much  effort  to  apply  them  r,o  a  sequence  of 
two-dimensional  images.  An  effort  towards  this  problem 
can  be  found  in  the  current  work  of  lleeger  [I8j,  which 
involves  the  separation  of  the  two-dimensional  image  into 
a  set  of  one-dimensional  signals  by  using  filters  which  are 
tuned  to  specific  imago-orientations.  However,  the  prob¬ 
lem  of  combining  the  information  from  tin  units  tuned  to 
different  spatial-frequencies,  image-locations,  and  orienta¬ 
tions  has  not  yet  been  fully  addressed. 

7.2  Using  orientation-selective  filters 

The  inverse  relationship  between  t  lie  spat  ial-frcqiiency  and 
the  velocity  tuning  of  the  energy  measurement  unit  sug¬ 
gests  that  it  may  be  possible  to  modify  onr  framework 
to  encompass  the  energy  models,  in  tact,  the  relation¬ 
ship  between  the  energy  models  and  the  gradient-based 
approach  for  velocity  computation  has  been  discussed  by 


Adelson  and  Bergen  |l]  It  is  also  possible  to  cast  the  SSI) 
minimization  process  as  a  measurement  of  spatio-temporal 
’  -rpy.  Based  on  these  relationships,  we  have  recently 
proposes  a  modified  hierarchical  framework  which  unifies 
the  energy  models,  the  gradient-based  approaches  and  the 
matching  approach.  In  this  section,  we  provide  an  outline 
of  this  ramework. 

As  illustrated  in  Figure  8,  the  new  framework  consists 
of  a  set,  of  “motion-detection”  units.  Each  unit  is  “tuned” 
to  (i)  a  specific  location  on  the  image-plane,  (ii)  a  spe¬ 
cific  range  of  spatial-frequencies  and  an  associated  range 
of  speeds,  (iii)  a  specific  range  of  image-orientations  and 
an  associated  range  of  directions  of  movement,  and  (iv) 
a  “sign"  of  motion  (left,  right,  or  stationary).  A  confi¬ 
dence  measure  is  included  willi  the  on t put  of  every  unit. 
Depending  on  whether  the  input  is  a  continuous  image- 
stream  or  a  discrete  set  of  images,  the  measurement  of 
spatio-temporal  energy,  the  gradient-based  approach,  or  a 
matching  approach  can  he  used  for  computing  the  response 
of  each  individual  unit. 

The  output  of  each  unit  can  itself  be  regarded  as  a 
measurement  of  motion.  One  method  of  combining  these 
outputs  in  order  to  obtain  the  image  displacement  field 
may  involve  using  th-  following  set,  of  combination  prin¬ 
ciples:  (i)  spectral  continuity,  which  was  explained  be 
fore,  (ii)  spatial  coherence,  which  is  a  general  form  of  a 
smoothness-constraint,,  (iii)  orientation  consistency,  which 
means  that  the  units  tamed  to  d’lTerent  orientations  all 
measure  the  same  underlying  movement,  and  (iv)  tempo¬ 
ral  coherence,  which  means  that  the  velocity  of  a  point,  in 
the  environment  varies  smoothly  over  time. 


— — MEASUREMENTS 


Figure  8:  The  orientation-selec  tive  framework 


The  in'  tivation  for  the  computation  of  image  flow  (i.e., 
dense  displacement  fields)  arises  out  of  t.lie  numerous  anal¬ 
yses  that  relate  the  structure  of  the  image  flow  field  to  that 
of  the  environmental  surfaces  and  the  parameters  of  mo¬ 
tion.  In  more  general  terms,  however,  a  dense  displacement 
may  not  be  necessary.  Instead,  we  ran  consider  methods 
that  directly  use  the  outputs  of  the  energy-measurement 
units  for  visual  perception  and  image  understanding. 

The  outputs  of  the  localized  energy-measurement  units 
can  feed  directly  to  various  higher-level  processes  for  a 
diverse  range  of  goals,  e.g.,  navigation,  spatial  organiza¬ 
tion,  determination  of  3-1)  structure  (see  I'  igure  8).  In  t  his 
sense,  the  measurements  can  be  treated  as  “feature"  values 
with  an  associated  confidence  measure.  Equivalently,  the 
output  of  each  of  these  units  ran  be  regarded  as  a  piece 
of  evidence  for  the  presence  of  an  intensity  structure  at 
a  specific  scale,  orientation,  and  velocity  with  an  associ¬ 
ated  uncertainty  measure.  There  are  a  number  of  schemes 
currently  under  investigation  for  the  combination  of  such 
probabilistic  “features".  Most  of  these  approaches  appear 
suited  for  a  conncctionist  model  of  computation. 

We  ran  also  allow  the  measurement  processes  to  fie 
actively  controlled  by  the  high-level  processes.  Although 
the  units  themselves  are  simple  and  perform  simple  convo¬ 
lutions  and  maximum  selection  operations,  by  controlling 
their  input  they  can  be  used  to  achieve  the  more  complex 
goals  of  the  higher-level  processes. 

As  an  example  of  the  use  of  the  energy  measurement 
units,  consider  the  spatial  organization  process.  First,  a 
rough  separation  of  rapidly  moving  areas  from  stationary 
areas  can  he  obtained  from  the  low-frequency  tuned  units. 
'Pile  low-frequency  units  near  the  boundaries  of  motion 
will  have  low-confidence  information,  and  should  there¬ 
fore  be  ignored.  The  coarse-to-fine  strategy  ran  be  ap¬ 
plied  selectively  to  the  units  in  the  moving  area  to  obtain 
high-frequency  measurements  of  movement,  while  simul¬ 
taneously  refining  the  segmentation.  As  the  refinement  of 
the  segmentation  progresses,  closer  attention  can  be  paid 
to  the  boundary  units,  whose  search  areas  may  lie  rede¬ 
fined  according  to  the  motion  of  the  area  containing  them. 
As  much  as  possible,  the  process  of  spatial  organization 
(or  “grouping”)  should  progress  without  a  3-1)  interpre¬ 
tation,  thereby  avoiding  the  various  numerical  instabili¬ 
ties  encountered  in  the  interpretation  process.  Once  the 
grouping  and  segmentation  is  finished,  the  high  resolution 
processes  can  provide  highly  accurate  measurements  of  mo¬ 
tion,  which  can  then  he  used  for  the  determination  of  the 
3-1)  structure  and  the  3-1)  motion  parameters. 

Any  scheme  for  the  use  of  these  energy  measurement 
units  should  also  include  an  understanding  of  how  these 
models  behave  under  a  tracking  situation,  i.e.,  when  the 
camera  (or  the  eye)  is  rotated  to  fixate  the  image  of  a 
particular  environmental  point  on  the  image-plane  (or  the 
retina).  Here,  it  is  not  sufficient  to  consider  the  output  of 
the  measurement-units  under  tracking.  A  comprehensive 
analysis  must  also  address  methods  of  using  the  measure¬ 


ments  to  trigger  the  tracking  mechanisms  and  schemes  for 
the  incremental  development  of  a  3-D  model  of  the  envi¬ 
ronment. 

Since  this  framework  is  new,  no  algorithm  completely 
consistent  with  it  exists  at  present,  although  Heeger’s  effort 
[18]  towards  using  the  energy  models  for  two-dimensional 
images  appears  to  be  a  step  in  that  direction.  In  our  own 
future  research,  we  intend  to  further  investigate  this  prob¬ 
lem  by  identifying  the  goals  of  the  organization  process, 
and  by  understanding  the  mathematical  relationships  of 
th<>  3-D  motion  parameters  and  the  geometry  of  the  envi- 
r<  ental  surfaces  to  outputs  of  the  motion-detectors. 

8  Summary 

We  have  described  a  hierarchical  computational  framework 
for  the  determination  of  dense  displacement  fields  from  a 
pair  of  images.  The  framework  is  sufficiently  general  in 
order  to  unify  the  gradient-based  and  the  matching  tech¬ 
niques.  In  particular,  we  have  shown  that  three  successful 
current  techniques  [6,15,12]  are  consistent  with  our  frame¬ 
work.  We  have  also  shown  that  in  the  limit  the  approxima¬ 
tion  error  used  in  the  matching  technique  converges  to  the 
intensity  constraint  used  in  the  gradient-based  techniques. 

We  have  also  proposed  a  novel  conncctionist  framework 
for  the  measurement  of  motion  which  unifies  the  energy 
models,  the  gradient-based  approaches,  and  the  matching 
approach.  A  c  irehensive  exanrnation  of  alternate  ap¬ 
proaches  for  tiie  analysis  of  visual  information  which  use 
our  new  framework  is  a  significant  research  effort  in  it¬ 
self  and  can  form  the  basis  of  future  work  in  this  area  of 
Computer  Vision. 
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Abstract 

A  major  class  of  techniques  for  the  computation  of  im¬ 
age  motion  is  that  of  gradient-based  methods.  The  applica¬ 
tion  of  gradient-based  methods  is  limited  to  cases  of  small 
motions  (a  few  pixels). 

In  this  report  we  demonstrate  that  gradient  based  meth¬ 
ods  may  be  extended  to  the  computation  of  large  dispaii 
ties  by  formulating  a  hierarchical  generalization  of  the  single 
level  method  that  operates  on  low-pass  image  pyramids.  A 
thorough  formal  analysis  of  the  gradient-based  updating 
equations  is  presented  as  well  as  the  implementation  of  the 
method  in  a  hierarchical  processing  cone  algorithm.  Exper¬ 
iments  are  presented  both  to  show  how  single  level  methods 
fail  and  how  the  hierarchical  method  succeeds. 


1  Introduction 

Motion  analysis  can  be  used  in  machine  vision  sys¬ 
tems  to  determine  the  location,  movement,  and  iden¬ 
tity  of  objects.  The  first  stage  in  such  analysis  is  the 
computation  of  image  motion  the  motion  of  compo¬ 
nents  of  a  dynamic  image  sequence.  One  major  class 
of  techniques  for  the  computation  of  image  motion  is 
that  of  gradient-based  methods  [Fennema  &  Thompson  79, 
Glazer  81,  Horn  &;  Schunck  81].  These  methods  are  char¬ 
acterized  by  (1)  the  approximate  representation  of  local  im¬ 
age  neighborhoods  by  low  order  polynomials;  and  (2)  the 
derivation  of  constraints  on  the  possible  image  motions  in 
terms  of  gradients  of  the  image  function,  both  spatial  and 
temporal.  Image  motions  are  determined  by  combining 
constraints  from  multiple  image  locations. 

This  report  describes  a  hierarchical  approach  to 
gradient-based  motion  computation.  It  generalizes 
gradient-based  techniques  to  handle  cases  for  which  the 


disparities  between  points  in  two  images  are  more  than 
a  few  pixels  in  length.  The  hierarchical  control  is  very 
similar  to  that  used  for  hierarchical  correlation  match¬ 
ing  [Glazer  et  al.  83,  Anandan  84,  Glazer  87].  Coarse  es¬ 
timates  of  disparity  at  high  levels  of  the  processing  cone 
are  used  at  lower  levels  to  guide  gradient-based  algorithms 
which  compute  increasingly  accurate  (higher  resolution) 
disparity  vectors. 

This  report  describes  one  part  of  the  author’s  thesis 
on  hierarchical  motion  detection  (Glazer  87].  The  other 
major  topics  addressed  there  are  (1)  fast  construction  of 
image  pyramids;  (2)  hierarchical  correlation-based  motion 
detection;  and  (3)  multilevel  relaxation  for  optic  flow  com¬ 
putation.  In  particular,  regarding  the  first  topic,  a  family 
of  discrete  Gaussian  low-pass  filters  for  building  low-pass 
pyramids  is  presented  that  provides  good  anti-aliasing  char¬ 
acteristics,  efficient  computation,  and  a  good  hierarchical 
Gaussian  approximation  (in  the  sense  of  Burt’s  hierarchi¬ 
cal  filters  [Burt  81]).  These  filters  are  used  to  build  the 
low-pass  pyramids  used  in  the  experiments  presented  in 
this  report.  All  of  the  motion  computation  methods  pre¬ 
sented  in  Glazer  87),  including  hierarchical  gradient-based 
algorithms,  are  designed  for  a  hierarchical  processing  archi¬ 
tecture  consisting  of  the  processing  cone  -  a  general  com¬ 
putational  architecture  which  is  regular,  parallel  and  hi¬ 
erarchical  [Hanson  &  Riseman  74,  Hanson  &  Riseman  80] ; 
and  image  pyramids  multiresolution  image  representa¬ 
tions  [Tanimoto  &  Pavlidis  75,  Burt  82] . 

The  success  of  the  gradient-based  methods  depends  on 
the  assumption  that  the  image  value  (intensity)  changes 
in  local  neighborhoods  can  be  adequately  approximated  by 
the  low  order  terms  of  their  Taylor  series  expansions.  In 
particular,  first  order  methods  depend  on  the  degree  to 
win  h  image  structure  is  locally  linear.  This  assumption 
is  not  the  case  when  (1)  the  opt;'-  flow  (disparity)  is  rela¬ 
tively  large,  or  (2)  the  extent  over  which  the  intensity  varies 
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Figure  1:  Geometry  of  updating  process 

The  refinement  of  the  disparity  estimate  at  a  given  point, 
in  the  first  frame  involves  the  f<  flowing  vectors:  ({/,  V  ) 
is  the  approximate  disparity  vector;  (u,v)  is  an  update 
vector;  and  (U  +  u,V  +  v)  is  the  updated  disparity.  The 
edge  flow  (u0,ti0)  is  the  component  of  (u,  u)  parallel  to 
the  mean  spatial  gradient  of  the  images  at  the  points 
being  compared.  It  defines  a  constraint  line  which  is  the 
locus  of  points  upon  which  (u,v)  is  found. 


3  Formal  Development 

3.1  Computing  a  Refined  Disp,’~ity  Field 

Let  F)  (x,  y)  and  F2(x,y)  be  two  frames  of  an  image  se¬ 
quence  and  let  (U,V)  (U(x,y),V  (x,y))  be  a  vector  field 

approximately  describing  the  disparity  from  F,  to  F2.  We 
want  to  find  a  vector  field  (u,?;)  (>i(x,y),v(x,y))  which 

‘‘updates”  (U,  V),  i.e.  the  new  vector  field  (U -1  u,  V  1  v)  is  a 
bettor  approximation  of  the  disparity  from  Ft  to  F2.  !n  the 
following  development  we  will  use  the  notation  x  (x,y), 
U  ( f /,  V )  and  u  («,  ti). 

3.1.1  The  Constraint  Line 

First,  we  will  find  a  constraint  line  for  u.  We  define  the 
change  in  image  value  between  a  point  x  in  F,  and  a  cor¬ 
responding  point  in  F2  at  the  displaced  point  x  I  U  I  n 
as: 

AF(x)  F2(x  +  U  +  u)  F,(x)  (2) 

Consider  the  following  two  ways  in  which  a  Taylor  series 
expansion  of  F2  can  be  computed: 

f2(x  4  u  t  u)  f2(x  i  IJ)  i  u  G’2(x  t  U)  (::) 

4  \ir(//2(x  +  U))i. 

4-  higher  order  terms 


Fj (x  4  II) 

F2(x  4  U  4-  u)  4  (  u )  •G,(x4  U  4  u) 

1  *(  h)7’(//2(x  4  U  4  u))(  u) 

4  higher  order  terms 

where  C2  is  tile  gradient  of  F2  and  //2  is  the  Hessian  of 
F2.  The  gradient  and  the  Hessian  of  a  two  dimensional 
image  are  generalization.:  of  the  first  and  second  derivative 
of  function  of  one  variable.  The  last  two  equations  can  be 
combined  to  give; 

F2(x  t  IT  4  n)  (5) 

F2(x  4  U)  4  n  •  '  [c2(x  4  U)  4-  G2(x  4  IT  4  u)j 

F  [//2(x  4  U)  //j(x  4  U  4  u)] u 

4  third  and  higher  order  terms 

If  IJ  4u  varies  slowly,  i.e.  I V (IT  +  u) |2  is  small,  then  the 
following  approximations  can  be  made;  G’2(x  +  U  4  ti) 
G,(x)  and  //2(x  1  IT  +  u)  //,(x)  ((Glazer  87,  Ap¬ 
pendix  Dj).  We  then  get: 

F2(x  t  I!  4  it)  (fi) 

F2(x  4  U)  4ii-  ‘[G’2(x  4  U)  4  G',(x)] 

+  I  lJ)  //.(x)]u 

4  third  and  higher  order  terms 

Substituting  into  Equation  2  and  ignoring  higher  order 
terms  finally  gives: 

F(x)  F2(x  I  IT)  Ft  (x)  4  u  •  ^  [g2(x  -HJ)  4  G',  (x)]  (7) 

If!1  is  a  good  estimate,  then  u  will  be  small  and  hence  drop¬ 
ping  higher  order  terms  leaves  ns  with  a  good  approxima¬ 
tion.  In  fact  the  second  order  term  is  very  small  due  to  the 
(act  that  //2(x4  U)  is  very  close  to  // ,(x)  «  //2(x  I  IT  I  n). 

I  hat  is  why  we  used  both  or  the  Taylor  series  expansions 
in  Equations  3  and  I  and  not  just  one  of  them. 

To  simplify  our  equations  we  define 

( x )  F2(x  i  IJ)  F2(x  4  IT(x))  (8) 

anil 

1 1  h)  (<)) 

i  hen  the  gradient  of  F  is  equal  to  V /•  ( F  r.  Fy)  ^(G,  4 

G'-,)  where  G' ,  is  the  gradient,  of  F,  and  G’2  is  the  gradient 
of  Fj .  We  can  t  hen  w  rite 

F(x)  F,(x)  F,(x)  l  ii  ■  (Fr,F„)  (10) 


i 

TO 


If  we  set,  A F  to  zero  then  equation  10  defines  a  con¬ 
straint  line  upon  which  the  update  vector  u  must  lie. 

Two  key  assumptions  in  the  above  derivation  were  that 
(1)  U(x)  +  u(x)  varies  slowly,  and  (2)  second  and  higher 
order  terms  in  the  Taylor  series  expansion  can  be  ignored. 
The  first  assumption  does  not  hold  at  motion  boundaries. 
This  limitation  is  the  same  as  that  which  occurs  when 
gradient-based  flow  computations  are  performed.  Hence, 
similar  solutions,  whatever  they  might  be,  can  be  used. 

The  (first  order)  Taylor  series  approximation  only  holds 
within  some  local  neighborhood.  If  the  disparity  is  greater 
than  the  “radius”  of  this  neighborhood  then  the  method 
doesn’t  work.  The  second  assumption  is  warranted  because 
the  approximate  disparity  field  U(x)  allows  us  to  com¬ 
bine  higher  order  components  from  approximately  equiv¬ 
alent  image  neighborhoods.  This  is  a  key  element  of  the 
hierarchical  method.  Imagine  the  above  derivation  was 
performed  for  the  noil-hierarchical  case.  This  is  easily 
done  by  setting  U  =  (0,0),  that  is,  eliminate  all  ap¬ 
pearances  of  U  in  Equations  2  to  10.  The  second  or¬ 
der  terms  in  Equations  5  and  6  then  contain  the  factors 
[//2(x)  /F.(x  +  u) j  fe  [//2(x)  // , (x)J .  These  terms  will 

NOT  be  negligible  when  the  actual  disparity  is  large. 


Theoretically,  the  second  assumption  does  not  pose  a 
problem  for  the  case  of  flow  computation  which  is  formu¬ 
lated  in  a  continuous  three  dimensional  XYT  space.  How¬ 
ever,  in  real  imaging  systems  we  are  actually  processing 
discrete  frames  taken  with  a  non-trivial  A t  and  approxi¬ 
mating  derivatives  with  finite  differences.  This  introduces 
a  non-infinitesimal  jump  which  may  exceed  the  radius  of 
approximation. 


3.1.2  Edge  flow 

We  define  edge  flow  as  the  point  on  the  constraint  line 
lying  nearest  the  origin.  The  edge  flow  is  then 


n 


(h  -  F\)  VF 
|VF|  |VF| 

y,(h  /•'..)  /-.)\ 


(ii) 


This  vector  is  used  as  the  initial  estimate  of  the  update 
vector  u. 

Both  u  and  un  lie  on  the  constraint  line  and  u0  is  that 
point  on  the  line  nearest  the  origin.  Thus  Un  must  be 
srriaAr  (in  magnitude)  than  u.  that,  is  |]uo||i||n  :■  In  a  hi¬ 
erarchical  scheme,  approximate  disparity  vectors  U  insure 
us  that  the  update  vector  must  be  bounded  in  magnitude. 
This  iri  turns  places  a  bound  on  the  magnitude  of  the  edge 
flow  vector.  In  Section  1  4  this  fact  is  used  to  introduce  a 
consistency  check  oil  the  computed  edge  flow.  This  is  an 
added  benefit  of  the  hierarchical  method. 


3.1.3  Computing  the  Update:  Ail  Optimization 
Problem 

Equation  10  provides  a  constraint  on  the  value  of  the  up¬ 
date  vector  at  each  point  in  the  image  space  (at,  a  given 
level).  The  assumption  that  the  change  in  image  value  at 
the  matching  points  vanishes,  i.e.  ,F  0,  specifies  a 
line  in  “update  vector"  space  upon  which  the  update  vec¬ 
tor  should  lie.  Due  l.o  noise  in  either  image,  this  is  likely 
to  be  too  strong  a  constraint  A  more  practical  constraint, 
requires  that  the  update  vector  lie  as  close  to  the  line  as 
possible. 

In  the  second  stage  of  a  first  order  method,  other  infor¬ 
mation  is  brought  to  bear  to  finally  arrive  at  update  vectors 
at  each  pixel.  In  the  motion  problem  we  have  posed,  dis¬ 
parity  vector  fields  can  vary  across  the  image,  but  locally 
they  are  almost  constant.  Thus  we  must  use  local  dispar¬ 
ity  information  to  arrive  at,  a  final  update  value  at  a  given 
pixel.  We  will  use  an  optimization  method,  which  while 
formulated  as  a  global  optimization  problem,  can  be  repre¬ 
sented  as  a  set  of  local  constraints  and  can  be  solved  by  a 
local,  parallel,  uniform  algorithm.  Horn  and  Kcluinck  first, 
applied  such  a  method  to  the  computation  of  optic  flow 
from  edge  flow  H or n  K'  bchunck  N|j  The  analysis  here  is 
similar,  using  image  differences  in  place  of  partial  deriva¬ 
tives  with  respect  to  time  and  replacing  the  optic  flow  field 
by  an  approximate  disparity  field  summed  with  an  update 
vector  field. 

The  variational  problem  we  wish  to  solve  asks  for  a  dis¬ 
parity  update  field  for  which  (1)  the  update  vector  lies  as 
close  to  the  constraint,  line  as  possible,  and  (2)  the  dispar¬ 
ity  field  is  as  smooth  as  possible.  Since  “dose” -ness  and 
“smoot, h”-ness  are  measured  in  different  units,  a  constant 
of  proportionality  (o  in  the  equation  below)  must  be  in¬ 
cluded  as  a  parameter  to  relate  these  two  values. 

The  problem  then  posed  is:  given  an  approximate  dis¬ 
parity  field  (!'.  U),  and  image  gradients  F,,  F„,  Fj  F j,  find 
an  update  vector  field  (u,e)  which  minimizes  the  functional 

IJ  F~uv  +  (^'a  f'i)]  (12) 

4  o!pV(f  1/ ) | 2  +  IV(T  -t  t  )l2j  drdy 

The  first  term  in  the  functional  is  the  square  of  the  change 
of  image  value,  as  it  is  defined  by  Equation  10.  The  second 
term  is  a  roughness  measure  of  I  h  and  \  ~  v  where  V 

is  the  gradient  operator  and  o  a  relative  weighting  factor. 
Note  that  it  is  the  disparity  field  (/  <  u,T  I  u)  which  is 

required  to  be  smooth  and  not  just  the  update  field 
This  is  very  important  in  the  implementation  algorithm 
(Section  4).  which  truncates  the  disparity  vector  as  it  is 
passed  down  a  level  in  the  cone. 


736 


*  *  -  v  n\  .r  •  „  * \  .  * %  -  ,  w  .*  < 

%  u  *»  _  -  -  u  *  AS.  _  »•  .  »  , 


*.‘.V 


■S3 


V  \ 

.V.-’ 

d 


F 

ri- 


e,’ 


V  vC", 


*  *■  •  w 
0»"  V 


The  equivalent  PDE  system  (Euler’s  equations, 
[Courant  &  Hilbert  53,  Section  IV. 3. 4!)  is 


u2A{U+u)  f]u  FzFv  v  Fx(h  F,)  (13a) 


2A(U  h 


'zFvv  F‘v  V 


These  equation1  involve  first  and  second  partial  derivatives 
in  the  image  data  and  the  vector  fields.  This  is  purely  local 
information,  that  is,  at  a  given  point  the  partial  derivatives 
of  a  scalar  or  vector  field  are  determined  by  their  values  in 
the  immedial  e  neighborhood  of  the  point.  Thus  the  discrete 
solution  to  these  equations  presented  in  the  next  section  is 
a  local  computation. 


3.2  Discrete  Representation 
and  Computation 


Update  \eclors  will  be  found  by  solving  Equation  13.  The 
edge  flow,  given  in  Equation  11.  will  provide  an  initial  esti¬ 
mate.  'lo  do  this  we  must  formulate  a  discrete  representa¬ 
tion  of  t  hese  equations.  Finite  difference  approximations  to 
the  “continuous”  derivative  operators  will  be  used,  equa¬ 
tion  13  then  becomes  a  system  of  linear  equations  in  the 
variables  (ti,j,v,j)  ~  ( u(i,j),v(i,j )).  These  equations  are 
solved  using  an  iterative  relaxation  scheme  which  is  local, 
uniform,  and  parallel  criteria  we  require  to  be  satisfied 
for  efficient  implementation  in  a  cellular/processing-cone 
architecture  [Glazer  87’. 


3.2.1  Partial  Derivative  Operators 


Equations  II  and  13  will  be  represented  by  discrete  finite 
difference  methods.  We  do  this  with  the  following  first  dif¬ 
ference  operators: 


,0,Et!,2,!T- 


1  o  i 

2  0  2 
1  0  1 


111  2  l]‘ ,!. [  '°1|’ 


These  operators  were  chosen  to  combine  a  first  central 
difference  in  the  direction  of  the  partial  derivative  and 
smoothing  (low-pass  filtering)  in  the  perpendicular  direc¬ 
tion  [Glazer  87,  Chapter  V.  Section  3.2.1],  Note  that,  if  we 
ignore  the  1/8  scaling  factor,  these  operators  are  the  Sobel 
edge  detectors  used  early  on  in  machine  vision. 


•VV-V 


Using  these  operators,  Equation  1 1  is  approximated  by 


(«o,  v0) 


F{h  -  F)  -  \byF(Fi  -  Ft) 

a  MiM  (jw  (i  MT  +  aw 

hbtF(Ft  F.)  hbyF(F2  -  F,)\ 


6tF2  +  6vF 2  ’  bT  F2  +  bv  Fl 


Using  the  operators  in  Equation  13,  (and  multiplying 
through  by  h2)  gives  the  approximations 


a2  A  ,(R  4  u)  (SxF)2u  (bxF)(b„F)v 


hbzF(Ft  F) 


o2A,(U  t  ..)  ( bxF)(bvF)u  {byF)2v 
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3.2.2  Normalized  Coordinate  Systems 


The  base  coordinate  system  is  the  coordinate  system  in 
which  the  inter-pixel  spacing  (grid  spacing)  is  1  unit  at  the 
base  level  the  level  L  of  the  input  images.  Using  this 
coordinate  system,  at  level  k  the  grid  spacing  is  hk  2l  k. 
Equations  14  and  15  involve  the  grid  spacing  h.  At  the 
lowest  level,  h  1  and  it  can  be  removed  from  the  equa¬ 
tions.  The  h  factor  ran  also  be  removed  from  consideration 
at  all  other  levels  of  the  pyramid  if  we  use  a  normalized 
coordinate  system  at  each  level.  In  the  normalized  co¬ 
ordinate  system  at  a  given  level,  the  distance  between 
two  adjacent  pixels  is  1  unit,  linage  operators  acting  at  a 
single  level  can  be  computed  without  using  h k.  However, 
intra-level  computations  and  comparisons  must  then  take 
into  account  the  difference  in  the  grid  spacings  as  given  by 
the  ratio  r  hk  ]  jhk. 

Consider  for  example  the  edge  flow  equations  (Equa¬ 
tion  14).  If  (uo,  o)  is  the  edge  flow  in  base  coordinates 
and  (u0,  vo)  is  the  edge  flow  in  normalized  coordinates  then 
F(uu,v n)  :  (u0,t;0).  Substitution  into  equation  14  gives 
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brF(F2  F, 


KF(F2 
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Similarly  the  h  factor  can  be  removed  from  equation  15 
when  we  specify  that  (U,  U)  and  (u,n)  are  represented  in 
the  normalized  coordinate  system.  We  will  assume  from 
now  on  that  this  specification  has  been  made  and  so  we 
need  not  use  the  tilde  (')  notation. 


3,2.3  Relaxation  Equations 


V, 


Equation  15  can  be  solved  using  the  iterative  poirit-.lacobi 
method.  This  involves  the  iterative  application  of  the  fol¬ 
lowing  update  equations  derived  from  equation  15: 
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where  (f  ,  l  )  (U(t,j),\  (i,j))  are  local  averages  of 

(uk.vk)  is  the  estimate  at  the  It th  iteration;  (iik,rk) 
are  local  averages  of  (t/*,r*);  and  Ft,  =  6rF  and  Ffy  t>„F 
are  the  normalized  first  difference  o|)erators. 


3.3  Geometric  Interpretation  of  Update 
Equations 


The  relaxation  update  equations  (17)  are  better  understood 
in  teims  of  their  geometric  interpretation.  They  can  be 
I  hough)  of  as  ent  ailing  two  steps  for  each  pixel:  ( 1 )  compute 
the  average  disparity  in  the  local  neighborhood;  (2)  project 
this  value  towards  t  he  constraint  line.  The  second  step  is 
accomplished  by  picking  a  disparity  vector  that  lies  on  the 
line  segment  joining  the  average  disparity  and  its  projec¬ 
tion  onto  the  constraint  line.  The  choice  is  made  closer  to 
tin'  constraint  line  when  we  have  higher  confidence  in  the 
measurement  of  this  line,  namely  when  the  spatial  gradient 
at  this  pixel  is  high.  The  following  paragraphs  elaborate  on 
these  ideas. 

First  consider  the  case  for  which  the  approximate  dis¬ 
parity  (fk  l  j  o.  Equation  17  then  simplifies  to 
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or  rearranged  into  a  vector  notation 


r1  (mo* 
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Note  that  since  (f  .1  )  0,  F<  /  >• 

The  geometry  of  this  simple  relaxation  updating  equa- 
tion  in  shown  in  Figure  2.  Tiie  average  disparity  over  the 
local  neighborhood  of  an  image  point  is  shown  as  the  point 
(i7.  v)k  in  (u.v)  disparity  spare.  The  constraint  line  is  shown 
with  its  ('(jnat  ion  (a,  e)  •  ( F,,  /■’„)  !  (/s  /•',)  0.  The  (per- 
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f  igure  2:  Geometry  of  simple  relaxation  updating 

(«.  ijA  is  tile  average  of  neighboring  pixel  flow  estimates 
at  iteration  k  ( it ,  v)k  (p,q)  is  the  perpendicular  projec¬ 
tion  of  (it,  i>)*  onto  the  constraint  line.  This  is  the  point 
on  the  constraint  line  nearest  to  (u,ijk.  The  new  flow 
estimate  (u,  e)*+l  lies  between  (u,  v)k  and  (a,  ti)*  (/i.tf). 


pendicular)  projection  of  (a.:1)*  onto  the  constraint  line  is 
shown  as  (i7,u)*  (p,q)  where  (p,  </)  is  the  vector  from  that 

point  to  («. v)k.  It  is  easy  to  verify  that: 


<«)  {,'Jf  'V-m 


Now  suppose  that  we  wore  to  ;  boost'  an  update  vector 
[>:  "  hIoi-'t  !'.■  Ion  eg  t ■  •  - n >  iomiiigiu  i  ' 1  ,u  ri  |u  v)k 

/>.  q  '  Us  Pg  •  *i.*-*ur  •  ..  OtmUiOlt  "  these  bV  ’ '  ’  i 

is: 


(«.'•)*'  (I  ')(*•»■)*-'  'I(M')*  (Ml 

(«•»’)*  (21) 

where  I  ■  0,1  selects  a  position  between  the  two  end 

points.  When  Equation  20  is  substituted  into  this  equa¬ 
tion,  we  can  make  the  result  equivalent,  to  Equation  19  if 
we  sot 


'•’*  1 
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rr  +  F‘  i  F‘  o  -  t  !(/■’,,  F 


(G.V„); 


(22) 


In  Figure  .'!.  t  is  graphed  as  a  function  of  the  magnilnde  of 
the  spatial  gradient  [j  Fr,  /•’„  || .  Wo  see  that  when  the  gra¬ 
dient  is  small  I  goes  to  zero  and,  looking  at  Equation  21, 


F.,F  II 

■r  ’  .*/  /  I 


Figure  3:  Update  weighting  factor 


(w,  t’)t+l  is  chosen  near  (u,0)  .  On  the  other  hand  as  the 


gradient  gets  very  large  I  goes  to  1.0  and  («,»')**'  is  cho¬ 
sen  near  (i i,v)k  (p,  r/).  The  midway  point,  giving  equal 
weight  to  both  possibilities,  occurs  when  the  magnitude  of 
the  gradient  is  equal  to  n.  The  parameter  o  controls  the 
shape  of  this  function.  Larger  values  of  a  “stretch”  the 
curve  out  to  the  right  so  that  higher  values  of  the  spatial 
gradient  are  needed  to  pull  the  update  vector  towards  the 
onstraint  line. 


Now  we  generalize  this  picture  to  the  case  of  hierar¬ 
chical  relaxation  updating.  Figure  I  shows  the  geometry 
of  updating  for  a  given  location  in  the  image.  First,  note 
that  two  coordinate  systems  are  shown  ii  this  diagram. 
The  main  coordinate  system,  labeled  “1” ,  is  the  (u.  v)  space 
wit'1  its  origin  at  the  point  corresponding  to  zero  disparity. 
T  hi .  rones’  ji  U  to  ’  tie  coordinate  spare  shown  in  Figure  2. 
'i'lie  approx, me  ••  dispirit  ({./.  V',  '  shown  vith  its  tail  at 
the  origin  of  this  space.  The  secondary  coordinate  system, 
labeled  “II”,  is  the  ( ic ,  t' )  space  with  its  origin  at  the  ap¬ 
proximate  disparity.  Subscripts  of  |  or  n  are  used  to  specify 
which  space  is  being  used  foi  a  given  set  of  coordinates  for 
a  point,.  For  example,  the  approximate  disparity  ran  he 
represented  as  (U,U)|  or  (0,0)u  and  the  updated  dispar- 


(I  f  irJ U  f  i:  4  ')|  or  (i, 


1 ) ii .  llecau.se  the 


coordinate  spares  differ  only  by  a  translation,  the  coordi¬ 
nate  representation  of  a  vector  (as  opposed  to  a  point)  is 
independent  of  the  choice  of  coordinate  space. 

The  selection  of  an  update  vector  again  involves  (1) 
computation  of  the  average  disparity  in  the  local  neigh¬ 
borhood  and  (2)  projection  of  this  value  towards  the  con¬ 
straint  line.  The  average  disparity  is  the  average  of  the 
approximate  disparity  vector  summed  with  the  update 
vector  at  each  pixel  in  the  local  neighborhood.  This  is 


[uk  +  U,  vk  \')i 


'’)*  f  (fM  )]i  or  in  the  secondary 


coordinate  system  [(u,f)*  +  (I  ,  V)  (U,  l  )jn.  The  con¬ 
straint  equation  is  defined  on  update  vectors  and 

hence  it  is  defined  in  the  secondary  space.  This  is  signi- 
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f  igure  I:  Geometry  of  hierarchical  relaxation  updating 


lied  in  the  figure  by  the  subscript  q  given  to  the  equation. 
Again  (p.q)  is  the  vector  pointing  to  the  average  disparity 
from  its  (perpendicular)  projection  on  the  constraint  line. 
In  this  case  it  is  given  by 


:(«,«)* +  (/.m')]  ■(/'„/-’,)  nh  Ft)  . 

, ;2  ,  ,2  \  1  *  ’  '  * 


I'he  generalization  to  the  earlier  non-hierarchical  case  is 
now  straightforward.  We  choose  an  update  vector  (« , *>)* 4 1 
along  the  line  segment  joining  [(ii,  v)k  )  (U,U)  (U,U)|n 

and  [(it,  i<)k  +  (f  M  )  (V,  V')||t  -  (/;,  q)  using  a  linear  com¬ 

bination  of  these  two  vectors,  that  is 


(1  l)\(u,v)k  f  (U,U)  (l’,V) | 

t  /((«,fi)*  f  (U.U)  (U.l  )  (p.q)' 

■(*.«“)*  F  {l\V)  (''.'■)!  <(/M/)  (521) 


where  t  1  0.  l|  selects  a  position  between  the  tv. o  end 

points.  When  Equation  23  is  substituted  into  this  equal  ion. 
we  can  make  the  result  eqnivah  lit  to  Equation  17  if.  as  be¬ 
fore,  we  use  I  as  defined  in  Equation  22.  In  Figure  I  is 
graphed  as  a  function  of  the  magnitude  of  the  spatial  gradi¬ 
ent  /••JI  with  the  parameter  n  controlling  the  shape  ol 
this  function.  When  the  gradient  is  small  /  goes  to  zero  and 
(i(.!’)lr41  is  chosen  near  [(ii,  v)k  1  (L\\  )  (f'.U)ln.  On  the 

other  hand  as  t ho  gradient  gets  very  large  t  goes  to  1.0  and 
(i/,r)*  +  l  is  chosen  neai  [(u,  f  )*'  t  (/  ,U)  (C  l')|u  (p.q). 

Tiie  midway  point,  giving  equal  weight  to  both  possibili¬ 
ties,  occurs  when  the  magnitude  of  the  gradient  is  equal  to 
it.  Larger  values  of  o  “stretch”  the  curve  out  to  the  right 
so  that  higher  values  of  the  spatial  gradient  are  needed  to 
puli  the  update  vector  towards  the  constraint  line. 
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Figure  6:  Hierarchical  disparity:  refinement 

The  REFINEMENT  process  performed  at  each  level  inputs 
an  estimated  disparity  (U,V)  and  image  pyramid  data 
and  72k.  Single-level  (non-hierarchical)  imago  opera¬ 
tors  compute  (1)  the  spatial  gradients  and  image  differ¬ 
ences  V/,  ft]  (2)  the  edge  flow  at  each  pixel  (u0,  d0)'  and 
(3)  an  update  vector  (u,e).  The  update  vector  is  added 
to  the  estimated  disparity  to  give  the  updated  (refined) 
disparity.  An  array  of  error  flags  (err),  one  per  pixel  is 
carried  along  through  the  operations  at  one  level.  The 
operators  shown  may  generate  error  flags  or  respond  to 
previously  generated  ones. 


The  third  error  condition  is  a  consistency  check  on  the 
computed  edge  flow,  in  Section  3.1.2  we  noted  that  because 
(1)  the  edge  flow  must,  be  smaller  (in  magnitude)  than  lli< 
update  vector,  and  (2)  availability  of  an  approximate  di  - 
parity  implies  a  bound  on  the  size  of  the  update  vector, 
for  these  reasons  an  upper  bound  is  placed  on  the  size  of 
the  edge  flow  vector.  We  can  use  either  of  the  following 
relationships: 


||(uu,  Vojilz  <  ll(u,f)||2  (25) 

||(«o,  Vo)||2  1  v/2  IK«,t>)||M.I3.  (20) 

where  ||(x,y)||2i:  (x2  +  t/2)1/2  is  the  Euclidean  norm  and 
II  (?b2/)  max(|x|,  |y|)  is  the  Maximum  norm.  The 

second  inequality  follows  from  the  first  and  from  the  fact 
that  ||  (u,t>)  ||2<  v'2  ||  (u,v)  ||M„  (since  0  '  u‘  t  v'2  ■ 


Figure  7:  Hierarchical  disparity:  relaxation 

The  update  vector  is  computed  by  iterative  application 
of  the  relaxation  operator  specified  in  Equation  17  (when 
the  error  flag  is  set  to  NO  ERROR).  The  edge  flow  (ijn,  v„) 
is  used  as  the  first  estimate  of  the  update  vector  input 
to  RELAXATION.  Thereafter,  the  current  values  of  (u,  e) 
are  used.  The  LAPLAOIAN  of  ( f ' ,  V  )  is  only  computed 
once. 


2|niax(|x|,  | y | ) | 2 ) .  The  second  inequality  is  used  when  we 
have  bounds  on  the  individual  components  of  the  update 
vector.  For  example,  the  truncation  of  the  approximate 
disparity  vectors  to  the  nearest  pixel  upon  projection  in¬ 
troduces  an  error  of  ± pixel  in  each  of  its  components. 
Were  this  the  only  error  in  that  disparity  estimate,  then 
the  bound  on  the  size  of  the  update  vector  would  bo 
i!  ( i'  -  7> )  1 1 a/.!x ^  and  using  Equation  20  we  get  the  con¬ 
straint  j  (t/0,  vo)  ||':  v22.  Thus  we  have  established  a  max¬ 
imum  allowable  value  /:’ /  ,\ /  of  the  magnitude  of  the  edge 
flow  ||(«d,  t’c ( ) 1 1 2 • 


4.5  Relaxation 

Update  vectors  aie  computed  by  an  iterative  relaxation  pro¬ 
cess  specified  by  Equation  17.  If  any  of  the  possible  error 
conditions  exist,  at  a  pixel,  then  no  adequate  constraint  line 
exists  at  that  pixel.  Tims  the  update  equations  cannot  be 
used  as  is.  However,  as  we  noted  in  Section  3.3,  the  update 
equation  ran  be  interpreted  ns  specifying  that  we  (I)  com¬ 
pute  an  update  vector  based  on  the  average  of  neighboring 
information,  followed  by  (2)  projection  of  this  vector  to¬ 
wards  the  constraint  line,  I  lien  we  see  that  step  1  can  still 
be  performed.  Thus  we  arrive  at  an  update  algorithm  in 
which  at.  each  pixel  one  of  two  tilings  takes  place:  either 
(1)  update  by  Equation  17  at,  non-error  points,  or  (2)  up¬ 
date  by  simple  smoothing  at  points  with  errors.  The  latter 
is  a  form  of  interpolation  into  points  (or  areas)  with  no 
motion-based  constraints,  if  there  are  large  blocks  where 
updating  by  (1)  cannot  take  place,  then  vectors  in  those 
regions  are  determined  from  the  constrained  vectors  which 
sin  round  the  respective  regions. 
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The  average  update  vectors  ( ii ,  v)  are  computed  using 
the  following  local  averaging  filter. 
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The  discrete  Laplacian  used  to  compute  (AU,AV)  is 
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It  is  clear  that  as  tne  disparity  is  increased  relative  to 
the  pixel  spacing,  the  performance  of  single  level  gradient- 
based  methods  deteriorates  quickly.  At  level  4,  with  ex¬ 
pected  disparity  equal  to  (  -.625,  .875),  results  are  good. 
At  level  5,  with  expected  disparity  equal  to  (-1.25,1.75), 
accuracy  i=  significantly  diminished.  At  level  6,  with  ex¬ 
pected  disparity  equal  to  (  2.5,  3.5),  computed  disparities 
are  largely  incorrect.  At  level  7,  with  expected  disparity 
equal  to  (  5,7),  computed  disparities  cluster  near  (0,0) 
arid  show  little  relation  to  the  expected  disparity. 


5  Experiments 

5.1  The  Failure  of  Single  Level  Methods 

As  we  noted  in  the  introduction  to  this  chapter,  gradient- 
based  disparity  computations  will  fail  when  the  disparities 
are  large  relative  to  the  range  over  which  the  image  “func¬ 
tion”  is  approximately  linear.  In  general,  this  is  a  relatively 
short  distance.  Such  failure  takes  the  form  of  incorrect  dis¬ 
parity  estimates  based  on  a  model  of  the  local  image  neigh¬ 
borhood  that,  provides  a  bad  approximation. 

The  following  .series  of  experiments  show  the  inability 
of  single  level  gradient-based  methods  to  compute  dispar¬ 
ity  fields.  Four  experiments  are  performed  with  disparities 
which  start  at  a  !ow  magnitude  and  increase  by  a  factor 
of  two  for  each  subsequent  experiment.  We  expert  the  dis¬ 
parity  computations  with  single  gradient  based  methods 
to  become  more  errorfnl  as  the  disparities  increase  in  size. 
This  is  in  fact  what  the  experiments  show. 

Two  128  /  128  pieces  of  the  MANDRILL  image  are  used 
with  a  disparity  of  (-5,7)  from  frame  1  to  frame  2.  i.e. 
5  pixels  up  and  7  to  the  right.  Low- pass  pyramids  were 
built  from  these  images  and  four  separate  runs  of  single 
level  disparity  computation  were  performed  at  levels  4  (Hi2) 
through  7  ( 1 2 8 2 ) .  Thus  the  disparities  at  each  level  were 
(  .625,. 875),  (  1.25,  1.75),  (  2.5, 3.5),  and  (  5,7'  respec¬ 
tively.  The  EDGE  FLOW  TOO  BIG  error  condition  was  in¬ 
cluded  with  maximum  allowable  edge  How  magnitudes  of 
1.5,  3,  0,  and  12  respectively.  When  this  error  condition  is 
not  included,  results  are  worse. 

I  lie  results  are  shown  in  Figures  8  mid  9.  hi  Figure  8, 
for  all  four  levels,  we  show:  (left)  the  first  frame  of  im¬ 
age  data;  (center)  disparity  vectors  after  50  iterations;  and 
(right.)  error  flags.  1  he  light  gray  pixels  on  the  border  of  the 
error  flags  display  indicate  the  SA  OVERFLOW  error  condi¬ 
tion.  The  predominant  dark  pixels  throughout  the  interior 
of  the  error  flags  display  indicate  the  EDGE  FLOW  TOO  BIG 
condition.  In  Figure  9  the  statistics  of  the  computed  dis¬ 
parities  are  compared  to  the  expected  values. 


5.2  Hierarchical  Method 

The  hierarchical  gradient-based  disparity  algorithm  is 
demonstrated  in  the  following  experiment.  Again  1282 
pieces  of  the  MANDRILL  image  are  used  with  a  disparity 
of  (  5,7).  A  low-pass  pyramid  was  built  for  each  input 
image.  Processing  was  begun  at  level  4. 

In  Figure  10  disparity  vectors  at  different  stages  of  the 
computation  are  shown.  The  edge  flow  at  level  4  is  shown 
in  Figure  10a.  It  is  labeled  as  iteration  0  since  it  is  used 
as  the  initial  approximation.  The  update  vectors  after  10 
iterations  are  shown  in  Figure  10b.  Up  to  this  point,  this 
experiment  is  equivalent  to  the  first  single  level  experiment 
of  the  last  section.  If  relaxation  continues  at  this  level  to 
the  50th  iteration,  the  update  vectors  are  then  the  same  as 
those  shown  at  level  4  in  Figure  8. 

At  level  5,  Figure  10c  shows  both  the  approximate  dis¬ 
parity  passed  down  from  level  4  and  the  initial  (iteration 
0)  update  vector  the  edge  flow.  Figure  lOd  shows  the 
initial  disparity  and  the  final  (iteration  10)  update  'ector. 
At  each  pixel  shown  (every  2nd  row  and  every  2nd  column) 
the  approximate  disparity  is  attached  by  its  tail  to  the  pixel 
in  frame  1  that  it  corresponds  to.  The  tail  of  the  update 
vectors  are  attached  to  the  head  of  the  approximate  dis¬ 
parity  vectors  and  have  an  arrowhead  at  their  head.  The 
arrowheads  are  proportional  in  size  to  the  update  vector 
and  do  not  show  up  when  that  vector  is  small.  The  sum 
of  the  approximate  and  the  update  vectors  is  the  updated 
disparitv  estimate,  shown  in  Figure  lOe. 

Figures  1  Of  h  show  the  comparable  vectors  at  level  6. 
The  final  results  at  level  7  are  shown  in  Figure  lOi 

In  Figure  11  the  error  flags  are  shown  Light  gray  pixels 
around  the  borders  are  SA  OVERFLOW  errors.  Dark  pixels 
are  mostly  EDGE-  FLOW  TOO  BIG  errors.  T1  ere  were  2,  8, 
1 88,  and  1021  EDGE  -  FLOW -TOO  BIG  errors  at  levels  4,  5, 
6  and  7  respectively  and  1  ZERO  .GRAD  error  at  level  7. 

In  Figure  12,  histograms  of  the  disparity  fields  at  each  of 
the  levels  are  shown.  These  histograms  are  built,  by  count- 
ingall  disparity  vectors  that  lie  within  of  each  pixel.  For 
example,  the  number  at,  location  (0,0)  in  each  histogram 
is  the  number  of  disparity  vectors  with  row  and  column 
components  both  in  the  range  | -  4,  '). 
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Figure  9:  Single-level  analysis:  Disparity  Statistics 


The  hierarchical  gradieni  i  t  algorithm  uses  a 
coarse-to-fine  control  strategy  to  progressively  refine  in¬ 
dividual  motion  estimates.  This  strategy  can  also 
be  applied  to  correlation-based  motion  detection  al¬ 
gorithms  (Wong  &  Hall  78,  Moravec  81,  Glazer  et  al  88, 
Anandan  84,  Quam  84  .  Two  specific  hierarchical  al 
gorithms,  one  correlation-based  (Glazer  87,  Chapter  4j 
and  the  gradient-based  algorithm  presented  here,  have 
been  shown  by  experiment  to  have  comparable  accuracy 
(Glazer  87],  Furthermore,  comparison  of  the  computa¬ 
tional  costs,  both  arithmetic  and  data  transfer,  show  that 
the  gradient-based  algorithms  are,  in  general,  less  costly 
(Glazer  87,  Chapter  7).  The  computational  costs  of  hi¬ 
erarchical  correlation  are  relatively  high  for  two  reasons: 
(1)  many  multiplications  and  additions  are  needed  for  the 
correlation  inner  product;  and  (2)  many  pixel  values  must 
be  transferred  over  multi-pixel  distances  in  the  image  plane. 


In  F'igure  12,  disparity  vectors  are  included  in  the 
histograms  only  if  no  error  has  been  detected  at  their 
respective  pixel  locations.  The  expected  disparities  are 
(  .625,. 875),  (-1.25, 1.75),  (  2.5, 8.5),  and  (  5,7)  at  lev¬ 

els  4  through  7  respectively.  The  center  of  gravity  of 
these  histograms  is  one  measure  of  accuracy.  For  the  his¬ 
tograms  shown,  the  centers  of  gravity  are  (-.8918,  .5309), 
(  1.782,  1.384),  (  2.919,3.401),  and  (  4.929, 6.659)  at  lev¬ 
els  4  through  7  respectively.  In  all  cases,  both  components 
are  within  pixel  spacing  of  the  expected  disparity  val¬ 
ues. 

In  Figure  13,  the  statistics  of  the  row  and  column  com¬ 
ponents  of  the  disparity  vectors  are  shown.  Again  only 
vectors  at  non-error  pixels  ar»  included.  The  mean  val¬ 
ues  are  not  equal  to  the  above  listed  centers  ol  gravity  of 
the  histograms,  because  the  histograms  represent  disparity 
vectors  with  components  truncated  to  the  nearest  integer. 
These  can  be  compared  to  the  corresponding  statistics  for 
the  single  level  shown  in  h  igure  9.  The  hierarchical  method 
clearly  succeeds  where  the  single  level  method  lails. 


6  Summary  and  Discussion 

In  this  report  we  have  demonstrated  that  first  order 
gradient-based  methods  may  be  extended  to  the  compula¬ 
tion  of  large  disparities  by  formulating  a  hiera rchical  gen¬ 
eralization  of  the  single  level  method  that,  operates  ori  low- 
pass  image  pyramids.  A  thorough  formal  analysis  of  the 
^radient-based  updating  equations  was  presented  as  well 
as  the  implementation  of  the  method  in  a  hierarchical  pro¬ 
cessing  cone  algorithm.  Experiments  were  presented  both 
to  show  how  single  level  methods  fail  and  how  the  hierar¬ 
chical  method  succeeds. 
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Figure  10:  Multilevel  experiment:  disparity  vectors 


(a)  level  4,  iteration  0  (b)  level  4,  iteration  10  (c)  level  5,  iteration  0 

(d)  level  5,  iteration  10  (e)  level  5,  updated  vectors  (f)  level  6,  iteration  0 

(g)  level  6,  iteration  10  (h)  level  6,  updated  vectors  (i)  level  7,  updated  vectors 
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Figure  11:  Multilevel  experiment,:  error  flags 


Error  flags  at  levels  <1  through  7  for  the  multilevel  experiment.  Light  gray 
pixels  around  the  borders  are  SEARCH.ARE A  OVERFLOW  errors.  Dark  pixels 
are  nredominantly  EDGE-FLOW  TOO -BIG  errors. 
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1'  iguro  12:  Hierarchical  method  :  disparity  histograms 

These  are  two-dimensional  histograms  of  the  disparity 
fields  at,  levels  4  through  7  for  the  multilevel  experiment. 
At.  each  level,  the  pixel  location  nearest  the  expected 
disparity  level  is  surrounded  by  a  box.  (At  level  6  four 
pixels  are  equidistant  fiom  the  expected  disparity,  so  the 
box  surrounds  all  four.) 
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Figure  13:  Hierarchical  method:  disparity  statistics 

These  statistics  are  computed  over  those  pixels  at  which 
there  were  no  error  conditions.  This  included  194,  882, 
3513,  amd  14007  pixels  at  levels  4  through  7  respectively 
(out  of  a  possible  256,  1024,  4096,  and  16384).  These  are 
the  unmarked  pixels  in  Figure  11 
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ABSTRACT 

A  central  class  of  IU  problems  is  concerned  with  re¬ 
constructing  a  shape  form  an  incomplete  data  set,  such  as 
fitting  a  surface  to  (partially)  given  contours.  We  present 
a  new  theory  for  solving  such  problems.  Unlike  the  cur¬ 
rent  heuristic  methods,  we  start  from  fundamental  princi¬ 
ples  that  should  he  followed  by  any  reconstruction  method, 
regardless  of  its  mathematical  or  physical  implementation. 
We  then  present  a  mathematical  procedure  which  conforms 
to  these  principles.  One  major  advantage  of  the  method 
is  the  ability  to  handle  shapes  containing  variations  of  dif¬ 
ferent  scales.  A  sharp  variation,  such  as  a  corner,  requires 
a  high  resolution  mesh  for  adequate  representation,  while 
slowly  varying  section  can  be  represented  with  sparser  mesh 
points.  Unlike  current  methods,  our  procedure  fits  the  sur¬ 
face  on  a  varying  mesh.  The  mesh  is  constructed  automat¬ 
ically  to  be  denser  at  parts  of  the  image  having  more  rapid 
variation.  Analytical  examples  are  given  in  simple  cases, 
followed  by  numerical  experiments. 

I.  INTRODUCTION 

A  central  problem  of  Image  Understanding  is  the  in¬ 
ference  of  a  3-D  shape  from  given  2-D  images.  According 
to  the  types  of  information  that  can  be  extracted  from  the 
images,  theories  have  developed  which  can  be  classified  un¬ 
der  categories  such  as  Shape  from  Stereo,  Shape  from  Mo¬ 
tion,  Shape  from  Contour,  Shape  from  Shading,  Shape  from 
from  Texture,  etc.  A  reliable  shape  reconstruction  mecha¬ 
nism  will,  apparently,  have  to  combine  several  of  these  kinds 
of  clues  in  a  consistent  way.  The  present  paper  addresses 
mainly  the  Shape  from  Contour  component  of  the  problem. 
However,  our  theory  is  based  on  a  general  extremum  prin¬ 
ciple  which  can  be  used  to  incorporate  most  of  the  other 
components  of  surface  reconstruction  as  well.  Related  top¬ 
ics,  such  as  smoothing  and  interpolation,  are  also  treated 
in  this  framework. 

The  Shape  from  Contour  problem  can  be  stated  as  fol¬ 
lows:  Given  a  set  of  contours,  such  as  may  be  provided 
by  some  image  processing  device,  one  wants  to  infer  the 
shape  of  the  surface  that  is  most  likely  described  by  these 
contours.  One  can  also  consider  an  inverse,  or  a  comple¬ 
mentary  problem:  given  the  surface,  one  seeks  its  “natural 
parametrization”,  namely  contours  that  will  convey  its  es¬ 


sential  characteristics  in  the  most  economical,  yet  reliable 
way.  One  known  mechanism  that  performs  these  tasks  well 
is  the  human  visual  system.  A  few  drawn  lines  can  create  a 
surprisingly  vivid  and  convincing  impression  of  a  3-D  shape 
[Marr,  1982;  Barrow  &  Tenenbaum,  1981]. 

In  this  paper,  we  address  both  sides  of  this  problem, 
and  thus  we  shall  refer  to  it  as  “Shape  Representation  by 
Contours”,  which  includes  shape  from  contour  as  well  as 
contour  from  shape.  The  treatment  is  on  the  fundamen¬ 
tal  and  general  level  of  first,  finding  the  principles  that 
must  guide  any  process  of  representing  a  surface  by  con¬ 
tours,  regardless  of  its  physical  implementation,  and  sec¬ 
ond,  proposing  a  mathematical  mechanism  that  can  per¬ 
form  these  tasks,  conforming  with  our  principles.  We  as¬ 
sert  that  any  good  visual  system,  when  viewed  as  a  “black 
box”,  should  behave  in  a  way  similar  to  our  mathematical 
procedure.  We  do  not  attempt  to  specifically  emulate  the 
human  visual  system.  Nevertheless,  as  the  eye  is  the  most 
successful  image  processing  system  we  can  use,  we  shall  test 
the  performance  of  our  abstract  procedure  against  its  per¬ 
formance.  In  the  following  we  shall  briefly  review  some  of 
the  prior  work  and  then  summarize  the  requirements  that 
we  impose  on  a  surface  reconstruction  mechanism. 

Much  of  the  previous  work  has  been  concerned  with 
various  subsets  of  the  general  problem.  One  such  subset 
is  the  interpolation  of  a  2-D  curve,  given  points  in  a  2-D 
plane.  The  points  are  assumed  to  lie  in  the  vicinity  of  the 
curve,  but  not  necessarily  on  it.  The  common  approach 
the  problem  is  through  an  extremum  principle.  In  the  sim¬ 
plest  case,  one  assumes  that  the  curve  is  a  straight  line, 
and  performs  a  least  square  fitting.  For  general  curves,  one 
possibility  [Horn,  1977]  is  to  assume  that  the  interpolating 
curve  has  the  minimum  overall  curvature,  subject  to  the 
given  data  constraints.  For  instance,  given  the  coordinates 
of  two  end-points  of  a  curve  and  its  tangents  there,  one  can 
find  the  curve  f(s),  where  t  is  the  tangent  and  s  is  the  ar- 
clength,  that  minimizes  the  functional  E  —  J  (di/ds)2,  over 
the  domain  of  functions  that  satisfy  the  given  boundary 
conditions.  (This  derivative  of  the  tangent  is  the  curvature 
jc.)  By  a  physics  analogy,  this  is  also  known  as  the  mini¬ 
mum  energy  principle.  If  the  curve  of  least  energy  is  nearly 
straight,  it  can  be  approximated  by  cubic  spline  polynomi¬ 
als  spanned  between  some  set  of  mesh  points. 
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Smoothing  is  a  problem  closely  related  to  interpola¬ 
tion  and  reconstruction.  We  can  regard  the  noisy  curve  (or 
surface)  as  initial  data  from  which  a  smooth  curve  is  to 
be  constructed.  Thus  a  good  reconstruction  technique  can 
also  be  used  as  a  smoothing  method,  and  as  such  it  may 
have  a  very  wide  applicability  in  computer  vision,  beyond 
shape  reconstruction.  The  converse  is  not  true,  however. 
A  reconstruction  methcd  must  be  able  to  deal  with  sparse 
data  input,  e.g.  to  bridge  gaps  between  known  curves  or 
points,  or  build  surfaces  from  sparse  contours.  These  con¬ 
tours  do  not  need  to  be  smooth  and  may  contain  corners 
or  bumps.  In  short,  we  regard  interpolation  and  smoothing 
as  overlapping  subsets  of  the  reconstruction  problem. 

A  problem  shared  by  all  known  smoothing  techniques, 
and  by  the  above  minimum  curvature  principle  in  any  of 
its  applications,  is  the  handling  of  sharp  variations  in  the 
curve  such  as  corners  or  bumps.  A  technique  that  effi¬ 
ciently  removes  small  perturbations  like  noise  also  blunts 
corners  which  may  be  an  essential  part  of  the  shape.  A 
general  framework  for  smoothing  a  3-D  surface  is  given  in 
[R.osenfeld  and  Kak,  1982].  It  consists  of  minimizing  a  cost 
function  <j>,  which  can  be  a  weighted  integral  over  the  pic¬ 
ture  of  (§{)2  +  (§^)2  +  (/  ?)2i  where  /  is  a  possible 

smoothing  of  a  noisy  picture  g.  Intuitively,  this  generalizes 
the  idea  that  Grirnson  [1981]  called  informally  “no  news  is 
good  news”,  namely  that  the  overall  change  in  the  surface, 
i.e.  its  derivatives,  or  some  curvature,  is  minimal  unless 
we  have  good  evidence  to  the  contrary.  Of  course,  the  ex¬ 
act  form  of  <}>  has  to  be  given,  and  it  involves  a  trade-off 
between  noise  removal  and  corner  preservation. 

The  smoothing  technique  derived  from  our  general  re¬ 
construction  formalism  is  a  departure  from  the  above  for¬ 
malism.  By  reparametrization  of  surface  we  will  able  to 
alleviate  or  eliminate  this  need  for  a  trade-off  of  noise  vs. 
blunted  corners  and  deal  with  curves  with  sharp  turns. 

Some  ad  hoc  variation  of  the  minimum  curvature  prin¬ 
ciple  have  been  applied  to  3-D  problems.  Barrow  and 
Tenenbaum  add  torsion  to  the  functional  E  containing  the 
curvature,  but  the  torsion,  being  a  higher  derivative,  ag¬ 
gravates  the  sensitivity  to  noise.  Terzopoulos  [1982],  [1985] 
regards  a  surface  as  a  thin  flexible  plate  under  tension,  at¬ 
tached  to  data  points  by  “springs".  He  minimizes  the  en¬ 
ergy  of  such  a  system,  which  is  a  functional  of  the  surface 
and  its  derivatives.  This  amounts  to  choosing  a  simple  form 
of  <j),  and  adding  first  derivatives  of  /,  with  parameters  re¬ 
flecting  the  above  trade-off.  These  parameters  need  to  be 
adjusted  empirically  for  each  application,  and  the  restric¬ 
tion  to  a  thin  plate  (one  that  is  not  too  different  from  a 
plane)  limits  the  model’s  usefulness. 

Another  subset  of  the  3-D  reconstruction  problem  to 
which  the  miniinurn  curvature  principle  has  been  applied  to 
is  (planar)  “deprojection”:  given  a  curve  on  a  plane  which 
is  slanted  and  tilted  relative  to  the  the  observer’s  line  of 
view,  estimate  the  most  likely  slant  and  tilt.  (The  observer 
can  only  see  a  projected  image  of  the  curve.)  Ilumans,  for 
example,  when  asked  to  interpret  an  apparent  ellipse  as  a 
slanted  shape,  will  regard  it  as  a  slanted  circle.  On  this 


assumption  the  slant  and  tilt  can  be  calculated.  According 
to  the  minimum  curvature  principle,  the  slant  and  tilt  are 
those  which  minimize  the  overall  curvature  of  the  “depro- 
jected”  curve. 

Several  problems  arise  in  these  applications.  First,  a 
very  high  penalty  is  incurred  by  corners  and  bumps  on  the 
curve.  Since  the  curvature  of  a  sharp  corner  tends  to  in¬ 
finity,  a  corner  will  tend  to  dominate  the  curvature  inte¬ 
gral.  Straight  lines,  having  zero  curvature,  will  be  ignored, 
regardless  of  their  length.  Thus  the  minimum  curvature 
principle  will  be  unable  to  handle  curves  with  corners  or 
even  small,  sharp  bumps,  that  may  be  caused  by  noise, 
and  long  straight  lines.  Second,  the  curvature  measure  is 
not  dimensionless.  The  interpolated,  or  deprojected  curve 
will  depend  on  the  size  of  the  image.  Third,  in  the  case  of 
the  slant  finding  problem,  the  deprojected  curve  is  not  in 
agreement  with  human  perception.  The  deprojection  of  an 
ellipse  will  not  be  a  circle. 

A  mechanism  which  partly  solves  the  problems  of  the 
minimum  curvature  principle  is  the  Brady- Yuille  [1984] 
maximum  compactness  measure.  Applied  to  the  slant  find¬ 
ing  problem  of  a  closed  planar  curve,  it  states  that  the 
deprojected  curve  is  the  one  for  which  the  ratio  of  the  area 
enclosed  by  the  curve  to  its  perimeter  squared  is  maximal. 
It  is  related  to  the  statistically-based  Maximum  Likelihood 
Method  of  Davis,  Janos  and  Dunn  [1982]  and  Witkin  [1981]. 
These  measures  are  inherently  insensitive  to  noise,  are  di¬ 
mensionless  and  gives  the  expected  intuitive  results.  These 
authors  did  obtain  the  circle  as  the  deprojected  ellipse,  and 
they  also  calculated  the  resulting  slant  and  tilt.  It  seems 
hard,  ii  wever,  to  apply  these  measures  to  more  general 
curves. 

The  experience  with  these  investigations  over  the  past 
few  years  enables  us  to  formulate  some  requirements  that 
a  surface  reconstruction  mechanism  should  satisfy,  and  it 
shows  the  need  for  a  new  mechanism  that  will  meet  them. 
To  meet  these  demands,  our  proposed  formalism  had  to  de¬ 
part  from  the  conventional  form  of  <p  above,  by  redefining 
length  and  curvature  and  by  introducing  a  reparametriza¬ 
tion  of  curves  and  surfaces.  We  now  list  thege  requirements 
and  touch  on  the  way  our  formalism  deals  with  them. 

1)  Surface  consistency:  A  surface  reconstruction  mech¬ 
anism  will  build  a  surface  that  does  not  change  very  much, 
unless  this  mechanism  has  information  indicating  such  a 
change,  such  as  boundaries  or  other  contours,  should  not 
add  extraneous  information  of  its  own.  We  shall  define  a 
functional  of  the  surface,  related  to  the  curvature,  that  the 
desired  surface  should  minimize. 

2)  Translational  and  rotational  invariance--  i.e.  if  the 
input  image  is  rotated  or  translated,  the  output  should 
move  by  the  same  amount  but  not  change  its  shape. 

3)  Dimensionlessness,  or  scale  invariance:  When  the 
distance  between  an  object  and  a  viewer  changes,  the  ob¬ 
ject’s  apj  arent  size  changes,  but  not  its  shape.  Therefore, 
a  reconstruction  mechanism  should  yield  the  same  output 
shape  from  an  input  image,  regardless  of  its  size.  Thus  the 
mathematical  method  of  reconstruction  must  be  dimension- 
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less,  or  invariant  to  scale.  Partly  to  solve  this  problem,  we 
have  introduced  a  renormalization  of  the  arclength. 

4)  Handling  of  different  variation  scales:  As  mentioned 
above,  the  mechanism  has  to  handle  both  rapid  curvature 
changes,  such  as  sharp  corners,  without  blurring  them  too 
much,  while  also  taking  into  account  stretches  of  slow  vari¬ 
ation,  such  as  straight  or  slightly  curved  parts  of  the  shape. 
All  the  schemes  bast  4  on  simple  derivatives  of  the  surface 
have  severe  difficult!  in  this  respect.  A  reparametrization 
of  the  curves,  derived  from  the  extremum  principle  itself, 
helps  us  to  solve  this  problem. 

5)  The  mechanism  should  have  a  wide  domain  of  ap¬ 
plicability,  including  closed  and  open  space  curves  and  sur¬ 
faces,  with  few  or  no  restrictions. 

The  following  requirements  do  not  seem  to  be  essential 
but  have  various  degrees  of  desirability: 

6)  Computational  efficiency:  This  is,  of  course,  a  func¬ 
tion  not  only  of  the  mathematical  scheme,  but  also  of  the 
specific  implementation  technique  and  the  hardware  archi¬ 
tecture,  which  are  issues  by  themselves.  We  can  generally 
say  that  since  the  bulk  of  the  computation  in  our  theory 
is  done  on  local  variables,  the  scheme  lends  itself  to  im¬ 
plementation  on  parallel  computers.  As  the  general  theory 
is  non-linear,  slowing  down  is  expected  compared  to  the 
special  cases  in  which  it  can  be  linearized,  such  as  “thin 
plates”. 

7)  One  would  prefer  the  same  mechanism  to  handle 
both  aspects  of  the  problem  mentioned  above,  namely  find¬ 
ing  both  the  surface  and  a  suitable  set  of  coordinates  on  it. 
While  previously  suggested  mechanisms  only  attempt  to 
find  the  surface,  ours  also  lead  to  a  “natural”  parametriza- 
tion  of  it. 

8)  Consistency  with  human  perception:  For  special 
cases  we  can  obtain  analytic  results  and  compare  them  with 
human  perception,  with  good  agreement.  For  example,  a 
circle  which  is  known  to  be  an  occluding  boundary  will  give 
rise  to  a  sphere. 

The  first  part  of  the  paper  describes  the  theory.  We 
start  with  curves  in  the  2-D  plane,  and  continue  with  gen¬ 
eral  surfaces  in  3-D.  The  second  part  describes  numerical 
experiments. 

II.  SMOOTH  CONTOURS 

In  this  section  we  shall  deal  with  the  particular  case  in 
which  a  simple  minimum  curvature  principle  gives  at  least 
mathematically  definite  and  stable  results,  namely  smooth 
curves,  without  noise  or  corners.  We  shall  modify  it  in  a 
way  that  will  make  it  dimensionless,  and  will  also  make  it 
amenable  to  treatment,  by  a  standard  analytic  minimization 
technique.  We  shall  use  this  technique  to  find  the  equation 
for  the  curve  of  minimal  modified  curvature  that  passes  be¬ 
tween  two  end-points.  We  shall  also  obtain,  as  a  byproduct, 
the  circle  as  the  “deprojection”  of  the  ellipse.  We  will  pre¬ 
serve  the  useful  properties  of  the  energy  principle. 

As  curvature  is  a  good  measure  of  surface  change,  the 
mechanism  will  seek  a  surface  which  has  the  minimal  over¬ 
all  (modified)  curvature,  while  being  consistent  with  the 
available  information.  It  is  also  qualitatively  clear  that  in¬ 


formation  is  closely  related  to  the  smoothness  of  the  curve 
or  the  surface.  A  straight  line  can  be  described  by  the  co¬ 
ordinates  of  the  end-points  only,  while  a  more  complicated 
shape  will  require  more  information.  Therefore,  minimizing 
curvature  is  in  accordance  with  minimizing  the  extraneous 
information  generated  by  the  mechanism  itself. 

As  one  wants  to  represent  the  amount  of  information 
contained  in  a  curve  by  its  curvature  or  a  related  quan¬ 
tity,  the  natural  mathematical  quantities  to  deal  with  are 
the  derivatives  of  the  tangent  vector,  such  as  the  curvature 
vector  k  =  dt/ds  .  As  we  demand  rotational  invariance,  we 
have  to  use  a  scalar  product  of  these  vectors.  This  leads  to 
the  suggestion  of  the  principle  of  minimum  “spline  bending 
energy"  [Horn,  1981],  by  which  one  wants  to  minimize  the 
integral 


ds 


taken  over  the  whole  curve.  This  expression  approximates 
the  bending  energy  of  a  flexible  stick,  such  as  a  “spline” 
used  by  draftsmen  to  draw  a  curve  between  points. 

This  measure  has  been  implemented  in  several  ways. 
First,  in  an  interpolation  problem:  given  the  coordinates 
and  tangents  of  two  points  of  the  curve,  one  can  find  the 
curve  that  will  pass  through  them  and  will  minimize  this 
integral.  Second,  in  a  deprojection  problem:  given  a  closed 
boundary  such  as  an  ellipse,  one  can  try  to  interpret  it 
as  a  projected  image  of  a  surface  in  3-D.  The  human  eye 
will  usually  regard  an  ellipse  as  a  slanted  circle,  and  we 
would  like  an  extremum  principle  to  yield  the  circle  as  an 
extremum  over  the  set  of  all  curves  compatible  with  the 
projected  ellipse.  This  would  be  consistent  with  the  result 
obtained  by  the  Maximum  Likelihood  method.  Limiting 
ourselves  to  planar  curves  (zero  torsion),  this  compatible 
set  is  the  set  of  ellipses  (produced  by  different  slant  angles), 
with  the  same  major  axis  as  the  apparent  one. 

The  minimum  curvature  principle  fails  in  this  task  as 
it  does  not  lead  to  the  circle  as  the  extremum  over  the 
set  of  ellipses.  Even  worse,  as  it  is  not  dimensionless,  the 
extremum  will  depend  on  the  apparent  size  of  the  image, 
contrary  to  to  our  demands. 

We  now  propose  a  modification  of  the  minimum  curva¬ 
ture  principle,  which  will  work  for  smooth  curves.  Letting 
L  be  the  total  length  of  the  curve,  we  can  define  the  dimen¬ 
sionless  variable 


where  s  is  the  length  of  the  curve  lying  between  a  point 
on  the  curve  and  one  of  its  ends.  I  is  a  measure  of  the 
relative  position  of  a  point  on  the  curve,  regardless  of  the 
curve’s  length.  We  define  the  “normalized”  energy  En  as 
the  integral 

rl  dt  dt 

En  1  Jo  dl  '  dl 


dl 


The  difference  between  Egpune  and  the  normalized  energy 
En  is  the  replacement  of  ds  by  dl.  This  is  equivalent,  to 
multiplying  the  “spline  energy”  by  L.  As  both  /  and  t  are 
dimensionless,  so  is  En. 
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Now,  in  accordance  with  our  modified  minimal  curva¬ 
ture  requirement,  we  shall  look  for  a  curve,  t(l),  that  will 
extremize  the  normalized  energy  En  over  the  set  of  all  pos¬ 
sible  curves  having  the  same  t  at  the  end-points. 

An  important  feature  of  the  normalized  arclength  l  is 
that  its  values  at  the  end-points  are  fixed,  in  this  case  to  0 
and  1.  This  is  in  contrast  to  the  original  arclength  s,  whose 
value  at  one  end  is  the  length  of  the  curve,  and  it  is  more 
in  the  character  of  an  ordinary  coordinate  such  as  x  or  y. 
This  makes  it  possible  to  use  l  els  the  independent  variable 
in  many  mathematical  techniques  for  which  s  in  not  suited. 
In  particular,  we  are  interested  now  in  techniques  from  the 
calculus  of  variations  for  the  minimization  of  the  energy 
integral.  Other  works  have  also  used  these  techniques,  but 
only  after  assuming  that  the  curve  (or  surface)  is  nearly 
straight,  so  that  s  could  be  approximated  by  x. 

We  will  deal  in  this  paper  with  functionals  E  which  de¬ 
pend  on  several  functions  ipi(xk),  such  as  curve  or  surface 
tangents,  and  their  derivatives.  Here  xk  =  x1  . . .  xn,  where 
n  is  the  number  of  independent  variables.  A  necessary  con¬ 
dition  for  ipi  to  minimize  the  functional  E  (over  some  do¬ 
main  of  admissible  functions)  is  that  for  all  infinitesimal 
variations  Sip ,,  the  infinitesimal  variation  of  the  functional 
5E  vanishes.  Namely,  for  the  given  function  F  of  ipi  and 
their  derivatives  d\p,/dxk,  and  and  for  all  Sipi  one  must 
have 

SE^S  J  F(ip„^)dxn  =  0 

where  dxn  is  the  volume  element  in  the  n-D  space. 

If  we  restrict  ourselves  to  the  domain  of  (sufficiently 
differentiable)  functions  with  fixed  boundaries,  such  as 
curves  with  known  coordinates  and  tangents  at  their  ends 
then  the  above  equation  will  be  satisfied  if,  for  each  t,  F 
satisfies  the  Euler-Lagrange  equation  [Courant  and  Hilbert, 
1953]: 

dF  A  d_f  _ dF _ \  _ 

dipi  dxk  \d  (dip,/dxk) ) 

In  our  normalized  energy  functional  the  function  F 
is  a  simple  quadratic,  the  independent  variable  is  /,  and  the 
unknown  function  variables  ipi  are  the  components  of  t,  tx 
and  ty.  These  unknowns  are  not  independent,  though.  As 
t  —  dx/ds  we  have  tx  +  t2  =  1.  By  using  a  polar  coordinate 
system,  with  the  angle  <p  defined  as  the  angle  between  the 
tangent  t  and  (say)  the  x  axis,  we  will  obtain  an  equation 
of  a  single  func'ior.  variable  <p(l).  In  this  system  we  have 

tx  =  cos  4> 
tv  =  sin  <p 

The  energy  now  reads 


In  the  case  that  the  only  information  we  have  about 
the  end-  points  is  the  inclination  (tangent  angle)  of  the  curve 
there,  <pi  and  d>2,  this  last  expression  suffices.  To  minimize 


En,  we  apply  the  Euler-Lagrange  equation  to  it  and  obtain 


with  the  unique  solution 

<t>  =  (4>2  -  <Pi)l  +  4> i 

which  is  a  circular  arc.  Thus,  the  curve  which  minimizes  En 
over  the  domain  of  functions  having  given  tangent  angles 
at  the  ends,  is  a  circular  arc. 

In  particular,  when  <pi  <t>2  tt/2,  we  obtain  two 

semi-circles  (upper  and  lower).  The  problem  of  deproject- 
ing  an  ellipse  is  now  solved  trivially.  Since  the  circle  mini¬ 
mizes  En  over  all  functions  with  end-points  perpendicular 
to  the  x  axis,  it  will  also  do  so  over  the  sub-domain  of  el¬ 
lipses  with  an  axis  along  x.  This  last  particular  result  can 
be  obtained  by  much  more  elementary  means,  because  one 
only  needs  to  find  the  value  of  one  parameter  (the  ellipse’s 
eccentricity,  related  to  th;  slant).  The  general  interpolation 
problem,  however,  requires  the  full  power  of  the  calculus  of 
variations  as  we  are  looking  for  a  function  that  connects  the 
two  points. 

In  most  applications  one  has  more  input  data  than  the 
end  tangents.  One  can  include  the  spatial  coordinates  of 
the  end-points  as  constraints,  and  show  that  we  still  obtain 
a  circular  arc  [Weiss  1986a].  Other  input  information  can 
be  added  as  an  attraction  potential,  as  described  below. 

III.  large-  and  small-scale  variations 

The  simple  minimum  curvature  principle,  our  modifi¬ 
cation  notwithstanding,  suffers  from  a  severe  drawback:  It 
cannot  handle  sharp  turns  in  the  curve.  A  sharp  corner  will 
completely  dominate  the  curve,  and  the  value  of  the  integral 
will  depend  on  the  exact  shape  of  the  corner,  with  point-like 
edges  leading  to  infinities.  Even  a  small  bump  will  have  a 
considerable  influence,  and  in  fact,  the  smaller  the  bump, 
the  greater  its  effect  on  the  integral  will  be  (keeping  its 
shape  similar).  This  makes  En  inapplicable  for  curves  with 
edges,  or  noise,  without  elaborate  filtering  techniques.  On 
the  other  hand,  straight  lines  are  ignored  by  this  measure, 
regardless  of  how  long  they  may  be. 

We  propose  a  new  kind  of  an  extremum  principle,  one 
of  whose  advantages  is  essentially  solving  this  small  (and 
large)  scale  v;  ration  problem.  (Another  advantage  will  be¬ 
come  apparent  when  we  go  over  to  3-D.)  Our  theory  is 
based  on  minimizing  a  functional  of  the  curve,  which  we 
call  “spring  energy”,  as  it  is  analogous  in  many  respects  to 
the  energy  of  a  physical  spring.  In  addition  to  the  ability 
to  bend,  as  in  a  conventional  spline  model,  the  spring  has 
another  degree  of  freedom.  It  can  stretch  or  shrink  in  some 
uneven  manner,  creating  a  varying  density  of  coils  along 
it.  The  curve  can  now  by  reparametrized  by  a  variable  a, 
which  represents  the  density  of  coils  along  the  spring.  In 
a  discrete  representation  of  the  curve,  this  corresponds  to 
the  density  of  the  knot  points. 

In  the  following  we  shall  (usually)  adhere  to  the  follow¬ 
ing  terminology:  Knots,  or  knot  points  are  a  finite  number 
of  points  on  the  curve  itself,  which  represent  it.  All  other 
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curve  points  can  be  calculated  from  these.  Data  points  a.T 
given  by  a  sensor  of  some  kind.  Grid  points  are  a  fixjl 
network  of  points  in  n-D  space,  independent  of  the  cu’  V( 
or  the  data.  “Mesh  points”  is  a  general  term  used  in  place 
of  either  knots  or  grid  points. 

The  spring’s  energy  consists  of  three  parts:  (a)  Bend¬ 
ing  energy,  which  is  related  to  the  curvature  of  the  curve. 
A  rapidly  varying  curve  bends  more  then  a  slowly  varying 
one,  and  thus  has  a  higher  bending  energy.  This  part  is 
similar  to  the  (normaled)  spline  energy  discussed  before. 

(b)  Stretching  energy.  This  component  represents  the  ad¬ 
ditional  degree  of  freedom  that  a  spring  has.  When  one 
stretches  a  spring  by  holding  it  at  both  ends,  the  spring 
will  stretch  uniformly,  as  this  is  the  state  of  minimum  en¬ 
ergy  under  these  conditions.  Any  deviation  from  uniformity 
will  increase  this  stretching  energy.  It  is  this  deviation  from 
uniformity  that  we  are  interested  in,  because  it  can  be  re¬ 
lated  to  a  nonuniform  placement  of  the  knot  points.  We 
can  associate  the  density  of  the  knot  points  with  the  den¬ 
sity  of  the  spring  coils,  so  that  a  high  concentration  of  coils 
in  one  section  means  a  larger  number  of  knot  points  there. 

(c)  Energy  resulting  from  external  forces  operating  on  the 
spring,  forcing  it  to  deviate  from  its  natural  form.  We  will 
assume  that  each  data  point  is  a  source  of  an  attraction 
force  operating  on  each  point  of  the  spring  representing 
the  curve,  with  the  force  being  stronger  on  curve  points 
that  get  closer  to  the  data  point.  In  minimizing  the  overall 
energy,  there  is  a  trade-off  between  its  three  components, 
and  it  turns  out  that  a  local  trade-off  between  the  bending 
and  stretching  energies  creates  a  desirable  placement  of  the 
knots.  This  will  be  shown  analytically  in  simple  cases  =uid 
will  be  demonstrated  numerically. 

Intuitively,  one  can  regard  the  attraction  energy  (c)  as 
the  energy  that  forces  the  spring  to  follow  the  data  noints. 
There  will  be  bending  of  the  spring  in  places  where  tb 
data  points  indicate  corners.  Because  the  bending  tends  to 
distribute  itself  uniformly  over  all  coils,  the  coils  will  tend 
to  concentrate  in  the  regions  of  high  bending.  That  makes 
the  amount  of  bending  per  cot'  more  uniform,  wh'rb  .  - 
duces  'he  tor, a'  be  iding  e-i;rey  (?.)  Tbr  .irHrinng,  energy 
(b),  rn  the  other  hand,  wi  .1  crease  when  „he  coils’  spa¬ 
tial  distribution  deviates  from  a  uniform  one,  and  thus  a 
balance  is  created  between  the  tendency  of  the  coils,  or  the 
knot  points,  to  concentrate  in  high  bending  sections,  and 
their  tendency  to  be  uniformly  distributed.  This  reflects  a 
balance  between  the  wish  to  follow  the  curve  as  closely  as 
possible,  ana  the  wish  to  smooth  the  data.  Unlike  other 
schemes,  however,  this  balancing  is  done  it  locally  at  each 
part  of  the  curve,  and  is  thus  much  more  responsive  to  the 
local  shape  of  the  curve,  than  in  schemes  which  try  to  trade 
off  between  smoothing  and  accurate  fitting  in  some  global 
way.  This  knot  placement  method  is  a  natural  part  of  the 
minimization  principle  and  the  placement  is  done  automat¬ 
ically  in  the  course  of  numerically  minimizing  the  energy 
functional. 

We  turn  now  to  the  mathematical  representation  of 
the  model.  Denoting  by  E  the  total  energy  of  the  curve 


(“spring”),  by  t  the  tangent  vector,  by  s  the  arclength,  and 
by  a  an  independent  parameter  along  the  curve,  analogous 
to  the  distribution  of  coils  along  the  spring,  the  energy  is 
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where  are  the  values  of  a  at  the  curve’s  ends,  /c  is  a 

constant  factor  related  to  the  spring’s  flexibility,  L  = 

(the  total  arclength  divided  by  the  total  change  in  a)  is  used 
as  a  normalization  factor,  and  V  =  V (x)  is  the  local  value 
of  the  external  potential  energy  (described  below). 

The  first  term  above  is  the  bending  energy,  the  second 
term  is  the  stretching  energy  and  the  third  term  represents 
the  influence  of  the  external  forces  acting  on  the  spring. 
By  definition,  the  force  acting  on  a  particle  is  the  gradi¬ 
ent  of  (the  negative  of)  the  potential  at  that  point.  The 
best  fitting  curve  is  now  the  one  tha‘  minimizes  E ,  over  a 
suitable  space  of  admissible  curves,  subject  to  some  bound¬ 
ary  conditions  at  the  end-points.  Given  the  potential  V  (f) 
and  the  boundary  conditions,  one  can  find  the  functions 
i(x) ,  s(x),  e*(x)  which  minimize  the  functional  E ,  namely 
find  both  the  curve  and  the  parameter  a  along  it. 

To  gain  more  intuitive  understanding  of  a,  we  will  ig¬ 
nore  the  third  term  for  the  moment,  and  assume  that  the 
curve  <j>(l)  (or  equivalently  £(£))  is  given.  The  only  unknown 
is  its  reparametrization  a.  It  can  be  seen  that  the  minimiza¬ 
tion  creates  two  forces  that  influence  the,  reparametriza¬ 
tion,  resulting  from  the  two  first  terms  in  E.  The  stretch¬ 
ing,  represented  by  the  second  term,  pushes  a  to  follow  / 
as  closely  as  possible  (thus  making  the  first  term  close  to 
the  nation  of  curvature).  The  bending,  on  the  other  hand, 
drives  a  to  follow  <f>,  so  that  a  large  change  in  (f>,  as  in  a 
corner,  will  cause  a  correspondingly  large  change  of  a  in 
that  region. 

The  spring  is  “ideal”  in  the  sense  that  it,  or  part  of  it, 
can  be  shrunk  to  to  an  infinitesimal  length  (the  coils  have  no 
thickness).  This  is  what  will  happen  in  a  corner,  as  we  will 
see  more  precisely  below.  In  this  case,  a  finite  bending  i\<p  is 
concentrated  in  an  infinitesimally  small  length  of  the  curve. 
To  minimize  the  energy,  a  finite  “number  of  coils”  Aa  will 
concentrate  in  that  corner,  allowing  the  finite  bending 
to  spread  over  it,  so  that  the  bending  energy,  which  depends 
on  the  ratio  A<j>/Aa,  is  not  excessively  large. 

When  ihe  curve  is  not  given,  then  Ee  should  be  min¬ 
imized  over  all  functions  £(a)  and  l{a),  with  all  possible 
parametrizations  a,  which  are  consistent  with  the  available 
data. 

The  analogy  to  a  spring  is  not  perfect,  though,  as  an 
actual  spring  usually  does  not  have  a  dimensionless  E. 

The  normalization  factor  L  is  important  in  two  ways- 
(i)  it  makes  E,  and  hence  the  whole  theory,  dimensionless. 
Thus  the  resulting  curve  will  be  independent  of  the  scale  of 
the  problem,  which  should  not  affect  the  curve  fitting  This 
is  unlike  most  othur  theories,  (ii)  In  placing  the  knots,  we 
are  only  interested  in  how  much  their  distribution  deviates 
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from  a  uniform  one,  and  we  want  this  deviation  to  affect 
the  (stretching)  energy.  We  do  not  want  energy  resulting 
from  a  uniform  stretching  of  the  spring  to  be  counted.  The 
normalization  by  the  total  arclength  eliminates  this  contri¬ 
bution.  The  deprojection  problem  considered  earlier  can 
demonstrate  this  point.  In  that  case,  we  are  given  an  el¬ 
lipse  as  the  projected  curve,  and  we  want  to  find  the  space 
curve  that  most  likely  has  given  rise  to  this  apparent  el¬ 
lipse.  A  planarity  assumption  restricts  us  to  an  ellipse  with 
an  unknown  slant.  Minimizing  E ,  with  the  normalization 
factor,  will  yield  a  circle  as  the  ellipse  which  minimizes  the 
energy  over  the  space  of  all  possible  deprojected  ellipses,  be¬ 
cause  it  has  the  most  uniform  distribution  of  curvature  (and 
of  coil  density).  Without  normalizing,  however,  the  circle 
is  not  the  minimizer  because  a  lower  energy  state  can  be 
obtained  by  shortening  the  total  arclength,  even  at  the  ex¬ 
pense  of  deviating  from  uniformity.  It  is  this  contribution 
to  the  energy  from  change  in  the  arclength  that  is  elimi¬ 
nated  by  normalizing  the  arclength.  The  circle  is  the  more 
desirable  result  as  it  is  consistent  with  the  other  theories 
ment'oned  above,  as  well  as  with  human  perception. 

The  potential  V (x)  is  determined  as  follows:  Let  us 
assume  that  attached  to  each  point  xd  of  the  given  data,  is 
an  attractive  potential  g  =  g(x-  xd),  which  represents  the 
force  that  this  data  point  exerts  on  a  curve  point  lying  at 
x.  Then,  the  influence  of  the  entire  given  picture  at  each 
point  x  is  a  convolution  of  g  with  the  picture  /: 

v(x)=J  f(xd)g(x  -  xd)dxd 

For  a  discrete  data  set  the  integral  is  of  course  replaced  by 
a  summation. 

In  least  squares  fitting,  g  is  proportional  to  r2  (r  being 
the  distance  |£—  a?d|).  A  better  choice  is  an  /  that  decreases 
with  distance  such  as  a  Gaussian,  a  Gaussian  divided  by  r, 
or  a  Lorentzian  function.  The  attraction  force  can  be  found 
by  differentiating  V. 

We  will  now  examine  the  behavior  of  Ee  more  precisely 
in  various  cases  where  the  extremization  ran  be  done  ana¬ 
lytically,  and  show  that  it  meets  our  demands. 

For  the  interpolation  problem,  we  have  to  consider 
curves  which  satisfy  given  boundary  conditions,  and  V  is 
unnecessary.  If  we  assume  k  =  0  in  E,  we  obtain  the  case 
discussed  in  the  previous  section.  In  the  general  case,  we 
can  again  use  the  El  equations.  We  will  now  have  two  EL 
equations  from  which  we  can  determine  both  these  func¬ 
tions,  and  thus  find  both  the  curve  function  t[l)  and  the 
new  coordinate  a{l).  The  two  EL  equations  are  very  sim¬ 
ple  and  have  the  solution 

l  —  a 

(j>  =  (4>2  <t>\)ct  +  <j>i 

Substituting  l  for  a  in  the  second  equation  we  immediately 
obtain  the  circular  arc  we  had  before.  Thus,  our  new  mod¬ 
ifications  at  least  did  not  destroy  the  desirable  results  we 
have  had  before  with  En. 

We  shall  first  examine  the  behavior  of  Es  in  a  sim¬ 


ple  cu.ve  containing  small  and  large  scale  variations,  and 
compare  it  to  the  behavior  of  the  former  energy  En.  This 
curve  is  a  simple  isolated  corner.  In  the  next  section  we 
shall  use  the  results  obtained  here  for  handling  a  full  shape 
containing  corners,  namely  a  parallelogram. 

Consider  two  straight  segments  of  length  A/,  joined  by 
a  small  circular  arc  of  length  A/',  and  making  an  angle  A(f> 
with  each  other  (Fig.  l).  It  is  trivial  to  prove  from  the 
EL  equations  that  on  a  straight  line  /  must  be  proportional 
to  a ,  and  we  have  already  proven  that  on  a  circular  arc,  /, 
a,  <j>  are  all  proportional  to  each  other.  Thus,  substituting 
these  results  in  the  general  expression  for  Ee ,  the  integra¬ 
tion  over  the  separate  sections  can  be  performed  explicitly 
and  Ee  can  be  expressed  by  the  finite  increments  in  l,<j>,  a, 
as  follows: 

Ee^2~  +  ~+^ 

A  a  A  a'  A  o' 

where  Aa,  A  a'  are  the  increments  of  a  over  A/,  A/'  respec¬ 
tively.  We  want  to  extremize  Ee  with  respect  to  a,,  subject 
to  the  constraint 

2Aa  -F  Aa1  =  1 

An  elementary  calculation  shows  that  the  extremum  is  ob¬ 
tained  with 

Aa  =  - -  -  A  a'  =  — - - 

2A  l  +  R  2A  /  +  R 

where  R  —  \/ Al'2  +  A<f>2, 

Substituting  these  quantities  in  Ee  we  obtain  in  the 
extremum 

Ee  =  (2A  /  +  R )2 

For  a  small  corner,  A/'  «  A <f>  and  Al  «  1/2.  We  thus  find 
the  simple  resuli 

E.  «  (1  +  A<f>)2 

This  expression  is  independent  of  the  exact  shape  and  size 
of  the  corner,  and  depends  only  on  the  total  turn  A<f>.  The 
corner  region  Al  can  be  as  small  as  we  like  without  ad¬ 
versely  affecting  the  energy  E„. 

In  comparison,  the  simple  curvature  minimization 
principle  will  give  for  this  corner 

jr  ^ 2 
Jn  Al' 

which  tends  to  infinity  as  the  length  of  the  corner  Al'  goes 
to  zero.  Although  we  have  dealt  with  an  isolated  corner, 
similar  methods  can  be  applied  in  more  general  cases,  one 
of  which  is  treated  in  the  next  section. 

In  conclusion,  we  have  seen  the  different  roles  of  the 
two  terms  in  Eg.  The  first  term  will  be  rather  dominant 
in  sections  of  the  curves  having  rapid  curvature  changes 
over  short  length,  such  as  bninps,  corners,  or  saw-teeth. 
The  second  term  will  be  the  major  contributor  in  the  large- 
scale  features,  having  slow  variations  in  curvature,  such  as 
the  other  boundaries  of  the  saw  Thus  we  have  obtained 
a  “natural”  way  of  treating  curves  with  two  very  different 
scales  of  curvature  change,  without  having  to  use  arbitrarily 
preset  filtering  widths,  as  is  commonly  done. 


One  may  refine  the  way  the  arclength  is  normalized 
The  normalization  to  a  total  length  of  1  is  not  essential. 
One  can  define  l  =  ua/L,  where  v  is  an  arbitrary  positive 
constant  This  results  in  multiplying  the  second  term  in 
Eg,  representing  the  bending  energy,  by  u2 .  In  this  way 
one  can  control  the  relative  contributions  of  the  bending 
and  stretching  energies  of  the  spring  (instead  of  k).  The 
circular  case,  however,  will  not  be  affected. 


IV.  SKEW-SYMMETRY 

As  an  application  of  the  ability  of  our  new  measure  Ee 
to  handle  sharp  corners,  one  can  consider  the  deprnjection 
of  a  parallelogram.  If  we  regard  this  curve  as  a  planar 
shape  which  is  slanted  and  tilted  in  space,  the  question 
arises  what  is  the  most  likely  shape  that  has  given  rise  to 
this  apparent  parallelogram.  According  to  our  minimum 
principle,  the  most  likely  shape  is  the  one  that  minimizes 
the  spring  energy  Ea 

Not  surprisingly  the  result  turns  out  to  be  a  rectangle. 
This  agrees  with  the  maximum  compactness  method,  the 
maximum  likelihood  method  and  the  human  observation 
“method”.  The  first  two,  however,  have  very  restricted 
domains  of  applicability. 

It  is  only  necessary  to  prove  that  a  rectangle  extremizes 
our  energy  Ea  over  the  set  of  parallelograms,  i.e.  that  the 
derivative  of  the  rectangle’s  energy  with  respect  to  the  un¬ 
knowns  vanishes.  The  unknowns  here  are  the  distribution 
of  «  ?  ?ng  the  curve,  and  the  angle  by  which  the  parallelo- 
grar  deviates  from  a  rectangle.  This  can  be  proven  using 
th-  p.evious  result  (Weiss,  1986a]. 

V.  GENERAL  SURFACES  IN  3-D 

So  far  we  have  dealt  with  planar  curve,  described  by 
one  coordinate.  We  now  turn  to  the  general  case  of  a  (rea¬ 
sonably)  arbitrary  surface  in  3-D.  Such  a  surface  can  be 
parametrized  by  two  coordinates  aq,  02-  Our  energy  Ea 
will  now  be  a  double  integral: 


where  t,  and  /,  are  the  normalized  length  and  the  tangent, 
respectively,  of  the  curve  parametrized  by  a,. 

Returning  to  our  “spring”  model,  one  can  visualize  the 
surface  els  made  up  of  a  grid  of  springs,  which  form  its  nat¬ 
ural  coordinates,  with  oq  being  the  number  of  coils  between 
a  surface  point  and  the  boundary,  along  a  coordinate. 

Given  a  set  of  known  contours,  either  on  the  boundary 
or  otherwise,  and  suitable  information  about  the  surface 
normal  on  them,  we  reconstruct  the  surface  that  best  fits 
these  contours  as  the  one  that  extremizes  the  above  inte¬ 
gral  (over  all  the  surfaces  that  comply  with  the  data).  The 
cti  will  now  have  a  more  visual  meaning  then  in  the  one- 
parameter  case:  they  will  be  a  pair  of  natural  coordinates 
parametrizing  the  surface.  Although  general  experiments 
have  not  been  conducted,  in  several  important  cases,  such 


as  pia.iar  geodesics  discussed  later,  these  curves  seem  to  be 
the  o-ies  that  our  visual  intuition  would  expect  as  natural, 
and  so  we  refer  to  them  as  “natural  coordinates”.  This 
is  another  advantage  of  the  new  procedure  over  the  sim¬ 
pler  energy  principle.  It  is  interesting  that  the  variables  a, 
can  serve  the  dual  purpose  of  both  handling  bumps  (and 
straight  lines)  and  providing  a  set  of  3-D  natural  coordi¬ 
nates. 

A  simple  example  is  that  of  circular  boundary  which  is 
assumed  to  be  occluding.  It  is  a  common  assumption  that 
for  a  smooth  surface,  the  surface  normal  along  an  occlud¬ 
ing  contour  lies  in  the  projection  plane.  It  is  easy  to  prove 
that  the  this  boundary  will  give  rise  to  a  (hemi-)sphere, 
complete  with  its  longitudinal  and  latitudinal  coordinates, 
which  will  be  represented  by  ot\  and  o^-  Rather  than  do 
that,  we  shall  prove  a  general  theorem  about  curves  on 
surfaces,  which  will  be  very  useful  in  finding  natural  co¬ 
ordinates  as  well  as  the  surfaces  themselves  (including  the 
sphere).  Of  course,  for  generic  data  the  minimization  can 
only  be  done  numerically. 

We  first  define  a  curve  of  local  symmetry  T  as  one  which 
divides  the  surface  into  two  parts  that  are  symmetric  in  the 
vicinity  of  the  curve.  Put  another  way,  a  reflection,  say  of 
the  surface  lying  to  right  side  of  T,  will  match  the  left  side, 
near  I\  An  example  is  the  center  line  of  any  fold,  ridge, 
valley  or  corrugation  on  a  surface  (Fig  2),  if  this  line  is 
planar.  Another  example  is  the  three  symmetry  lines  on  an 
ellipsoid  (this  is  a  global  symmetry). 

An  alternative  definition  is  that  the  curvature  in  the 
direction  perpendicular  to  the  curve  has  an  extremum  at 
each  point  along  the  curve. 

Theorem  1:  A  curve  of  local  symmetry  is  planar. 

Proof:  Trivial.  A  reflection  of  the  right  side  of  T  will 
not  match  the  left  side  unless  T  is  planar  (Fig  2). 

Theorem  2:  A  local  network  of  coordinates,  consisting 
of  a  local  symmetry  curve  T  and  curves  that  are  orthogonal 
to  it,  locally  extremizes  the  energy  E„. 

By  “locally  extremize”  we  mean  that  an  infinitesimal 
variation  of  this  coordinate  patch  in  the  vicinity  of  T  will 
leave  EB  unchanged  (i.e.  6Ee  =  0).  The  proof  is  in  [Weiss, 
1986a], 

A  very  interesting  class  of  surfaces  to  which  our  theo¬ 
rem  is  easily  applicable  is  the  class  having  an  “ignorable  co¬ 
ordinate”,  namely,  its  curvatures  do  not  change  as  we  move 
along  this  coordinate.  As  sub-classes  one  can  mention  (a) 
strips,  or  pipes,  of  arbitrary  cross  section,  whether  straight, 
circularly  or  helically  bent  (Fig  3),  in  which  the  ignorable 
coordinate  is  the  length  of  the  pipe,  and  (b)  surfaces  of  revo¬ 
lution,  in  which  CELSe  the  azimuth  <f>  is  “ignorable”  (Fig  2a). 
Any  coordinate  line  orthogonal  to  the  ignorable  direction 
can  be  regarded  as  a  local  symmetry  curve,  as  the  surface 
stays  the  same  on  its  sides.  Thus,  this  curve,  and  the  curves 
in  the  ignorable  direction  that  intersect  it,  form  a  local  net¬ 
work  of  curves  that  satisfy  the  conditions  of  Theorem  2, 
and  thus  it  locally  extremizes  E 

A  further  consequence  of  Theorem  2  is  the  ability  to 
make  predictions  about  surfaces  when  they  are  not  known 


in  advance,  without  having  to  actually  extremize  Ea  or  solve 
the  EX  equations.  It  is  clear  that  generally,  the  greater  the 
nuirber  of  extremal  local  coordinate  patches  a  surface  has, 
the  more  “extremal”  the  global  2-dimensional  integral  Ee 
will  be.  (This  would  be  clearer  if  this  “extremum”  were  a 
“minimum”,  which  it  usually  is,  but  as  we  have  not  exam¬ 
ined  here  the  second  derivatives,  we  shall  stick  to  the  term 
“extremum”.)  Thus,  a  surface  that  extremizes  Ee  will  con¬ 
tain  as  many  symmetry  curves  as  are  compatible  with  the 
initial  data.  As  a  consequence,  we  will  tend  to  obtain  sur¬ 
faces  containing  planar,  spherical  or  cylindrical  parts,  exact 
or  approximate,  rather  than  bumpy  ones.  As  a  particular 
example,  we  can  use  this  general  result  to  conclude,  without 
having  to  solve  the  EL  equations,  that  a  circular  occlud¬ 
ing  boundary  will  give  rise  to  a  sphere.  This  is  because  a 
sphere  is  the  most  symmetric  surface  (consistent  with  this 
boundary  condition),  thus  having  the  greatest  quantity  of 
symmiLry  rurvi-.  V.feg,  -  Umjj  .buy  e.-t.Wrs  such 
as  those  of  Fig.  2a  will  give  rise  to  a  surface  of  revolution, 
because  this  surface  consists  of  a  collection  of  symmetric 
local  networks  (the  meridians  plus  the  parallels)  which  fits 
those  contours.  Similar  arguments  apply  for  other  surfaces. 

It  is  reasonable  to  assume  that  when  the  condi¬ 
tions  of  the  theorem  are  satisfied  only  approximately,  e.g. 
when  the  curve  is  only  approximately  symmetric,  a  simi¬ 
lar  parametrization  will  still  take  place,  with  the  natural 
coordinates  approximately  following  the  quasi-symmetry 
curves.  Thus  our  theory  is  applicable  to  shapes  such  as 
generalized  cones,  as  long  as  the  flutings  vary  slowly  on  the 
length  scale  of  the  cone’s  radius.  This  is  also  consistent 
with  human  perception  (Fig.  4). 

As  in  the  2-D  case,  one  can  incorporate  into  the  re¬ 
construction  data  from  curves  and  points  not  lying  on  the 
surface,  by  adding  to  E„  terms  representing  an  attraction 
energy  between  the  surface  and  this  data. 

VI.  DISCUSSION  AND  RELATION 
TO  OTHER  WORK 

In  the  preceding  sections  we  have  suggested  a  new 
shape  reconstruction  method,  with  varying  mesh,  and 
solved  it  analytically  in  a  few  cases.  These  cases  were  solv¬ 
able  mainly  because  of  their  symmetry.  The  notion  of  sym¬ 
metry  plays  a  central  role  in  other  work  as  well.  We  have 
already  mentioned  the  Brady- Yuille  compactness  measure, 
used  for  the  deprojection  of  closed  planar  curves.  As  com¬ 
pactness,  or  the  ratio  of  area  to  the  perimeter  squared,  is 
generally  higher  for  more  symmetric  shapes,  the  compact¬ 
ness  can  be  viewed  as  a  good  measure  of  global  symmetry 
(as  distinct  from  our  local  symmetry). 

Brady  &  Asada  [1984]  have  studied  local  symmetries  in 
planar  shapes.  Strictly  speaking,  our  definition  of  “local” 
applies  to  an  infinitesimal  vicinity  around  a  curve.  In  this 
sense,  every  straight  line  on  a  plane  is  a  local  symmetry 
curve,  except  at  its  edges.  Brad}-  examined  wider  vicini¬ 
ties,  that  extend  to  the  nearby  boundaries  of  the  curve, 
so  we  shall  elevate  the  type  of  symmetry  he  treated  to  a 
“regional”  symmetry.  Brady  has  shown  that  this  kind  of 
symmetry  is  very  useful  in  representing  and  handling  many 
types  ot  shapes.  This  indicates  that  symmetry  is  of  fun¬ 


damental  importance  at  all  spatial  scales  (global,  regional, 
and  local)  of  shape  representation.  We  used  symmetry  in  an 
analytic  treatment  of  shapes  in  which  it  strictly  holds,  but 
its  application  is  probably  much  wider:  symmetric  shapes 
can  be  used  as  a  first  approximation  in  a  numerical  compu¬ 
tation  of  more  general  shapes.  This  will  potentially  increase 
the  computational  efficiency  in  reconstructing  shapes  which 
possess  some  axial  symmetry,  such  as  “generalized  cylin¬ 
ders”,  or  that  can  be  decomposed  into  such  shapes. 

In  differential  geometry  terms,  our  local  symmetry 
curves  are  planar  geodesic  ones.  Brady  et  al.  [1984]  and 
Stevens  [1981]  have  shown  that  planar  geodesics  are  usually 
“natural”  coordinates.  However,  not  all  natural  coordinates 
are  planar  geodesics.  For  example,  the  parallels  on  a  sur¬ 
face  of  revolution,  and  the  spirals  on  a  helicoid  (Fig.  5), 
are  not  planar  geodesics  [DoCarmo,  1976].  The  question 
why  these  look  natural  was  left  open,  as  they  did  not  seem 
to  ft  any  ev.iifii^  nl  lult.  hi  ow  theory,  tlitst  curves  are 
natural  coordinates  by  virtue  of  their  being  orthogonal  at 
each  point  of  their  length  to  planar  geodesics,  namely  the 
meridians  and  the  rulings,  respectively.  This  one  rule  fits 
all  the  above  cases.  Moreover,  unlike  the  previous  work,  our 
results  are  part  of  a  general  theory  of  shape  representation 
derived  from  sound  first  principles. 

The  abo,-e  mentioned  papers  contain  many  numerical 
techniques  fo*  finding  symmetries,  geodesics,  etc.  Their 
agreement  with  our  work  suggests  that  many  of  these  tech¬ 
niques  will  be  very  useful  in  a  computational  implementa¬ 
tion  of  our  theory. 

Although  we  have  only  examined  reconstruction  from 
spatial  data,  such  as  points  and  curves,  other  types  of  in¬ 
formation  can  be  included  in  the  energy  functional  to  be 
minimized.  It  was  shown  [Terzopoulos,  1985]  that  shading, 
stereo  and  other  data  can  be  cast  in  an  energy  form  and 
treated  as  a  variational  problem.  Constraints  suplied  by 
a  knowledge-  based  system  can  also  be  added.  For  exam¬ 
ple,  one  can  add  a  term  to  the  energy  measuring  how  close 
the  shape  is  to  a  given  template.  Investigations  of  these 
possibilities  are  currently  under  way. 

VII.  NUMERICAL  EXPERIMENTS: 
INTRODUCTION 

In  the  following  sections  we  will  describe  our  numeri¬ 
cal  experiments  with  the  method.  A  subset  of  the  surface 
interpolation  problem  is  the  fitting  of  carves  to  given  data 
points,  either  in  the  plane  or  in  3-D  space.  This  subset 
retains  many  of  the  important  properties  of  the  full  3-D 
problem.  We  have  implemented  this  restricted  problem  nu¬ 
merically.  Thus,  we  have  been  able  to  investigate  many 
of  the  major  issues  of  the  numerical  implementation  of  the 
full  3-D  problem,  with  the  program  being  much  easier  to 
develop  and  much  faster  to  run.  Some  of  the  results  and 
lessons  learned  from  this  implementation  axe  presented  in 
this  report.  A  subsequent  report  will  contain  the  full  3-D 
implementation. 

The  2-D  implementation  has  merits  in  its  own  right 
It  defines  a  new  method  of  interpolation  in  which  the  mesh 
size  is  automatically  and  optimally  adapted  to  the  local 
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variation  of  the  curve,  with  a  finer  mesh  being  used  in 
rapidly  changing  sections  of  the  curve. 

Our  experience  with  the  numerical  implementation  has 
led  us  to  make  a  number  of  refinements  to  this  basic  model, 
that  do  not  change  the  basic  principles.  The  main  ones  are: 

•  The  use  of  the  normalization  factor  makes  the  prob¬ 
lem  a  global  one,  as  a  change  in  one  part  of  a  curve  changes 
the  energy  e  erywhere,  through  L.  This  is  undesirable,  es¬ 
pecially  if  parallel  computation  is  to  be  implemented.  One 
can  circumvent  the  problem  by  treating  L  as  an  indepen¬ 
dent  variable,  with  the  normalization  being  impo~ed  as  a 
constraint,  which  is  added  to  the  energy  with  a  Lagrange 
multiplier  A.  Thus,  a  fourth  term  is  added  to  the  energy, 
in  the  form 

A  fa'  ds 
L]ao 

The  constant  ai  —  ao  does  not  need  to  be  added  to  the 
functional  E ,  because  the  minimization  will  not  change  it, 
while  the  integral  part  joins  the  other  integrals  in  E.  E  has 
now  to  be  minimized  with  respect  to  L,  as  well  as  with 
respect  to  the  curve,  and  the  above  constraint  equation 
has  to  be  satisfied.  These  added  two  equations  enable  us 
to  determine  L  and  A.  The  problem  is  still  global,  but 
the  globa.  calculations  have  been  isolated  to  these  last  two 
equations,  end  they  do  not  need  to  be  done  for  each  knot 
point,  which  is  a  great  relief. 

It  can  be  shown  that  for  a  small  attraction  potential, 
and  a  nearly  uniform  knot  distribution,  the  constraint  equa¬ 
tion  is  approximately  satisfied  if  A  «  -2.  Thus,  by  substi¬ 
tuting  this  value,  the  amount  of  global  calculation  is  further' 
reduced. 

•As  t  =  dx/ds,  the  bending  term  can  be  written  ex¬ 
plicitly  as 


iFrom  the  point  of  view  of  the  basic  principles,  other  forms 
of  dependence  of  x  on  a,s  are  acceptable.  For  instance,  one 
can  reverse  their  order.  These  variables  are  not  independent 
and  the  exchange  will  change  the  value  of  the  bending  term. 
One  can  prove  that 

d2x  \  2  /da\2/d2x\ 

dsda )  \  ds  )  \  da2  ) 

=  (  d2i  V  (  d*<Px\2  (da\4 

\dctds)  \da  dot1 )  \ds) 

A  linear  combination  of  the  two  possibilities  is  also  accept¬ 
able.  The  form  in  the  first  line  above  has  proven  preferable 
numerically.  Furthermore,  one  can  get  rid  of  s  altogether 
in  the  bending  term,  and  define  the  curvature  purely  as 
a  function  of  a.  By  dropping  the  factor  involving  da/ds 
above,  the  curvature  becomes  simply  with  its  square 
being  the  bending  energy.  This  will  strengthen  the  effect  of 
concentration  of  points  in  corners,  as  we  shall  see. 


VIII.  CHOICE  OF  CURVE  REPRESENTATION 

So  far  we  have  dealt  with  idealized  curves  having  an 
infinite  number  of  degrees  of  freedom.  For  numerical  imple¬ 
mentation  we  have  to  choose  a  finite  representation.  Several 
questions  arise,  which  do  not  arise  in  standard  interpolation 
schemes.  Normally,  one  has  knot  points  at  fixed  positions 
along  the  x  axis,  so  that  the  x  values  are  known  and  one 
seeks  the  y(x)  values.  In  our  case  the  kn^t  points  are  dis¬ 
tributed  along  the  the  curve  in  accordance  with  the  param¬ 
eter  a,  which  is  itself  unknown.  Both  x  and  y  are  functions 
of  a.  Under  these  conditions,  how  shall  we  construct  the 
mesh  and  how  shall  we  perform  the  discretization?  What 
shall  we  choose  as  independent  variables  and  which  are  the 
dependent  ones?  Additionally,  what  is  the  best  way  to  cal¬ 
culate  the  derivative  with  respect  to  a? 

The  knot  points  have  been  handled  as  follows:  Our  un¬ 
knowns  are  the  x,y  coordinates  of  n  knot  points,  namely 
Xi,...  ,xn,  (2 n  variables).  More  accurately,  as  we  shall  see, 
we  use  an  equivalent  linear  combii  ation  of  these  values 
as  unknowns.  These  unknown  points  are  assumed  to  be 
equally  spaced  with  respect  to  the  a  parameter,  with  the 
interval  length  Aa  given,  Aa  =  ■  We  thus  obtain 

E  as  a  function  of  the  unknowns  x,-.  This  has  turned  the 
problem  into  a  minimization  of  E(xt)  with  respect  to  xj. 

Given  z,(a),y,(a),  the  functions  x(a),y(a)  and  their 
derivatives  with  respect  to  a  can  be  approximated  in  sev¬ 
eral  ways.  The  particular  way  used  can  have  a  profound 
effect  on  the  stability  and  convergence  of  the  algorithm. 
While  we  have  not  done  a  thorough  comparative  study  of 
the  merits  of  the  various  methods,  we  have  considered  the 
main  approaches.  We  used  the  general  guidance  of  the  lit¬ 
erature  to  narrow  down  our  choice,  then  tried  two  methods 
for  a  while  until  we  settled  on  one. 

First,  we  have  the  choice  between  the  finite  difference 
method  and  the  finite  element  method.  The  former  is  based 
on  a  straightforward  substitution  of  each  derivative  by  its 
finite  difference  analog,  e.g.  dx/da  is  replaced  by  Ax/A  a. 
The  method  has  the  advantage  of  a  simple  implementation. 
However,  it  has  a  greater  potential  for  instabilities  then 
other  methodj,  and  it  does  not  give  the  value  of  the  curve 
between  the  knot  points,  which  makes  it  inconvenient  for 
an  interpolation  scheme.  So  we  opted  for  the  finite  element 
method.  This  method  consists  of  approximating  the  func¬ 
tion  as  a  superposition  of  (usually  local)  basis  functions. 
These  basis  functions,  which  are  typically  piecewise  poly¬ 
nomials,  can  easily  be  differentiated  so  that  the  derivative  of 
the  function  at  each  curve  point  can  be  obtained.  (We  have 
two  separate  functions  here:  x{a),y(a).)  Through  the  min¬ 
imization,  one  can  find  the  coefficients  of  the  superposition. 
These  are  related  through  a  known  linear  transformation  to 
the  values  of  the  functions  at  the  knot  points,  x,,  which  are 
usually  of  more  interest. 

Now  one  has  to  choose  appropriate  basis  functions. 
The  simplest  possibility  is  using  triangular  (“roof”)  basis 
functions.  This  is  equivalent  to  representing  the  curve  by 
a  chain  of  line  segments.  One  can  use  the  slopes  of  the 
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lines  ((xi  -  x,.-i)/A a,  (y,  t/,-i)/Aa)  as  the  first  deriva¬ 

tives,  while  the  angle  between  adjacent  segments  is  related 
to  the  second  derivative,  or  curvature.  Thus  we  iiave  all  the 
derivatives  we  need  as  functions  of  the  unknowns  x,  and 
the  implemen'ation  is  quite  straightforward  in  this  respect. 
The  decomposition  into  basis  functions  does  not  need  to  be 
done  explicitly  in  this  case.  The  superposition  coefficients 
are  simply  the  x,,  the  values  of  the  function  at  the  knot 
points.  (The  first  derivatives,  but  not  the  second  ones,  are 
the  same  here  as  in  finite  difference  method). 

This  method  was  tried  for  a  while,  and  we  encountered 
some  problems.  In  certain  situations,  particularly  around 
corners,  which  is  the  case  in  which  we  are  most  interested, 
the  knot  points  are  quite  close  to  each  other,  as  expected. 
The  line  segments  connecting  them  are  quite  shore.  For  a 
very  short  segment,  any  small  movement  in  the  positions 
of  its  ends  causes  a  considerable  change  in  its  inclination. 
In  other  words,  when  the  length  of  the  line  segment  tends 
to  0,  the  derivative  dE/dx^  tends  to  infinity.  This  is  easily 
seen  mathematically,  as  this  derivative  contains  a  factor  of 
1/ A  Si  (As;  being  the  length  of  the  line  segment.)  This  large 
derivative  can  cause  a  problem  for  the  minimization  tech¬ 
nique,  which  needs  these  derivatives.  It  also  means  that  the 
curve  can  become  unstable  around  corners,  with  its  exact 
shape  affected  by  small  errors  in  xp  This  is  especially  no¬ 
ticeable  with  the  limited  accuracy  of  32-bit  single  precision 
arithmetic. 

The  situation  is  not  hopeless.  It  has  been  alleviated 
by  working  in  double  precision,  and  by  limiting  the  seg¬ 
ments’  length.  Also,  the  derivatives  dE/dxi  have  been 
computed  analytically  rather  .  a  numerically.  Neverthe¬ 
less,  we  found  it  more  convenient  to  work  with  a  differ¬ 
ent  scheme,  which  is  inherently  more  stable  in  this  respect, 
namely  choosing  cubic  splines  as  our  basis  functions. 

Here  again  one  has  a  choice.  One  possibility  is  to 
use  the  cubic  Hermite  polynomials  [Strang  and  Fix,  1973]. 
These  basis  functions  are  defined  on  a  very  small  local  sup¬ 
port,  namely  one  that  consists  of  the  two  mesh  intervals 
[aj_i,  aq+i]  around  a  mesh  point  with  and  they  vanish 
outside  of  this  domain.  There  are  two  independent  basis 
function  attached  to  each  knot  point,  and  the  coefficients 
multiplying  them  are  linearly  related  to  the  value  of  the 
function  and  its  first  derivative  at  that  knot  point.  The 
basis  function  thus  depends  on  the  local  properties  of  the 
curve  only.  In  all,  we  have  2 n  unknowns  for  x(a),  and  sim¬ 
ilarly  for  y(a).  Representing  the  curve  by  Hermite  cubic 
polynomials  would  be  relatively  simple  because  of  the  local 
nature  of  the  superposition,  but  we  would  have  to  minimize 
E  with  respect  to  both  x,  and  the  derivatives  dxt/da. 

One  way  to  deal  with  the  unknown  derivatives  is  to  ap¬ 
proximate  them  by  the  known  values  of  the  function  in  the 
vicinity,  using  a  finite  dilference-like  method.  The  Bessel 
and  the  Akima  cubic  splines  DeBoor,  1978]  are  obtaineu 
this  way.  We  have  not  tried  these  methods  but  we  feel  that 
they  do  deserve  a  fair  chance. 

The  superposition  of  Hermite  polynomials  is  continu¬ 
ous  and  has  a  continuous  first  derivative.  (This  is  because 


the  basis  functions  and  their  derivatives  vanish  at  the  ends 
of  the  intervals  they  are  supported  on  )  One  can  reduce 
the  number  of  unknowns  by  requiring  higher  order  conti¬ 
nuity,  e.g.  a  continuous  second  derivative.  A  price  is  paid 
by  reducing  the  locality  of  the  representation.  In  this  tech¬ 
nique  the  curve  is  represented  as  a  superposition  of  cubic 
B-splines.  These  basis  function  are  piecewise  cubic  polyno¬ 
mials  supported  on  a  larger  interval  [cq_2,  <*i+2|  around  the 
knot  point.  There  is  only  one  possible  basis  function  at  each 
knot  point,  reducing  the  number  of  coefficients,  and  thus  of 
unknowns,  to  n  for  each  component  (x,y).  The  relation  be¬ 
tween  the  superposition  coefficients  and  the  curve  function 
values  is  no  longer  local.  At  each  knot  point,  a  contribu¬ 
tion  to  the  superposition  arises  from  the  basis  functions 
attached  to  the  two  neighboring  knots.  This  makes  the  cal¬ 
culation  at  each  point  more  complex  and  time  consuming. 
In  our  evaluation,  though,  this  is  more  than  offset  by  the 
reduction  in  the  number  of  unknowns.  Thus  we  eventually 
decided  to  use  cubic  B-splines  as  the  basis  functions  for  our 
curve  components.  These  functions  have  vanishing  values, 
first,  and  second  derivative  at  the  interval  edges  and  thus 
the  superposition  is  twice  differentiable.  Another  incentive 
is  the  inherent  relation  between  these  splines  and  minimal 
curvature.  It  '■an  be  shown  that  among  all  twice  differ¬ 
entiable  functions  which  pass  through  known  data  points, 
a  piecewise  cubic  polynomial  has  the  lowest  overall  curva¬ 
ture.  This  statement  refers  to  the  functions  x(a),j/(«).  The 
implication  for  the  function  y(x)  is  not  immediately  clear. 

The  next  section  contains  a  more  precise  mathematical 
description  of  our  spline  representation. 

IX.  THE  SPLINE  REPRESENTATION 

A  major  distinction  between  our  representation  and 
most  other  spline  fittings  of  a  curve  is  that  in  our  ''ase  x 
and  y  are  both  piecewise  polynomials  in  some  variable  a, 
rather  then  y  being  a  polynomial  in  x.  This  has  advantages 
in  representing  non-polynomial  curves,  such  as  circles,  for 
which  splines  a  are  notoriously  poor  app  roxim  ation.  In  our 
representation  the  circle  can  be  described  by  the  coordi¬ 
nates  y  —  cos  a,  x  =  sin  a.  The  sin  and  cos  functions 
are  very  well  approximated  by  polynomials  (their  Taylor 
expansions,  for  instance),  and  thus  the  splines  are  a  good 
approximation.  This  is  in  contrast  to  the  circle  being  rep¬ 
resented  as  y  v  1  —  z2)  which-  is  hard  to  approximate  by 
polynomials.  The  same  goes  for  other  conic  sections.  We 
stress  that  a  is  not  the  length  between  data  points  as  in 
some  applications,  but  an  unknown  function  of  x,y  to  be 
found  by  a  minimization  process. 

Denoting  the  basis  function  at  knot  point  i  by 
and  its  (two  valued)  coefficient  by  the  curve  can  be  writ¬ 
ten  as 

n+1 

x{a)  =  VtB*(a) 

i=0 

Based  on  the  form  of  the  Dt,  the  functions  x  can  be  cal¬ 
culated  at  each  interval  [x,,xt+i]  as  follows  [DeBoor,  1978, 
Barnhill  and  Riesenfeld,  1974].  Define  on  each  interval  a 
parameter  t  -  (a  -  a,)/(a,+i  -  a,),  running  from  0  to 
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1  proportionally  to  a.  We  now  have  curve  segments  xAt) 
with 

z,(0)  =  xi 

Xt'(l)  =  -Tt  +  l 

On  each  interval  the  curve  is  (for  knot  points  equidistant 
in  a) 

xi(t)  =  (t  ,t  ,t,  l)(C)(t;t_  j ,  t>i,  Wt'+i ,  Ui+z)7" 
where  (C)  is  the  matrix 


/- 1  3  -3  1 

1  3-630 
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We  shall  also  need  the  first  and  second  derivatives, 
which  are  easily  obtained  from  the  above  equations,  giv¬ 
ing 


dxi(a) 

da 

d2xi(a) 

da2 


" ( 3  * 2 , 2 1 , 1 , 0)  ( C )  ( Vi  _ ! ,  ft ,  u, + ! ,  + 2 ) 

^2  (6 2, 0, 0)  (C)({q_i ,  Vi,  Vj+i,  Vi+2) J 


It  remains  to  deal  with  the  boundary  conditions  As 
the  value  of  the  function  at  each  knot  point  depends  on  the 
contributions  from  the  B-splines  attached  to  the  neighbor¬ 
ing  points,  a  problem  arises  at  the  edge  points.  Note  that 
in  the  superposition  above  the  limits  are  from  0  to  n  +  1, 
with  the  knot  points  indexed  by  i  =  l,...,n  only.  One 
needs  an  extra  assumption  for  determining  Vq,  rft+1 .  This 
can  be  regarded  as  extending  the  guiding  polygon  in  some 
reasonable  way.  A  common  assumption  is  that  the  curva¬ 
ture  at  the  edges  vanishes.  This  can  be  approximated  bv 
requiring  a  vanishing  second  derivative.  £From  the  expres¬ 
sions  above  for  the  derivatives  it  is  easy  to  prove  tr *  under 
this  assumption 

wo  =  2 tj*i  -  v2 
Wn-t-l  =  2l)n  —  Dn_, 

We  found  it  more  suitable  to  assume  a  constant  curvature 
at  the  ends,  rather  then  zero.  This  is  especially  applicable 
to  circles,  or  circular  arcs,  which  are  a  part  of  many  curves, 
at  least  in  small  neighborhoods.  This  assumption  means  a 
zero  third  derivative,  which  leads  to 

Wo  —  3ii]  —  3o2  T  03 
Wn+l  =  vn-2  —  3wn_i  -f  3vn 


Another  quantity  needed  in  E  is 


One  can  see  that  knowing  the  coefficients  tf,  is  equiv¬ 
alent  to  knowing  the  knot  points  ij.  The  formula  above 
makes  the  linear  transformation  from  tf,  to  x,  immediate. 
The  reverse  calculation,  from  x,  to  tq,  is  less  immediate  as 
one  needs  to  solve  a  (simple  tridiagonal)  system  of  n  linear 
equation.  Because  of  this  equivalence  we  can  use  the  coeffi¬ 
cients  Vi  as  unknowns  rather  then  the  x,-,  which  eliminates 
the  need  for  solving  that  system. 

The  coefficients  tf,-  have  an  important  geometric  in¬ 
terpretation.  They  can  be  regarded  as  the  coordinates  of 
“guiding  polygon5’  vertices.  The  curve  generally  follows  this 
polygon,  but  is  of  course  smoother  and  is  guaranteed  to 
have  lower  variation.  So,  the  vertices’  coordinates  tf,  are 
not  very  far,  in  general,  from  the  knot  points  x,.  In  appli¬ 
cations  in  which  it  is  not  important  for  the  interpolating 
function  to  pass  through  the  data  points,  one  can  use  the 
data  points  as  vertices  of  the  guiding  polygon,  i.e.  as  the 
spline  coefficients  tq.  Then,  x(a)  and  their  derivatives  are 
immediately  computable  by  the  above  formula  (assuming  a 
is  approximated,  say,  by  s).  This  can  be  useful  in  obtaining 
a  first  approximation  for  the  curve  in  the  minimization  pro¬ 
cess.  In  some  applications,  it  is  the  knot  points  x,  which  are 
given  as  data,  and  the  curve  is  forced  to  pass  through  them. 
Then  one  must  solve  the  above  system  of  linear  equations 
to  find  the  coefficients  tf,-.  In  our  case  4  his  is  unnecessary  as 
we  treat  the  data  points  entirely  differently  (next  section). 


X.  REPRESENTING  THE  DATA 

Rather  then  forcing  the  curve  to  pass  through  the  data 
points,  we  assign  to  each  such  point  an  attraction  force 
which  it  exerts  on  the  curve.  This  force  should  possess 
some  desirable  characteristics.  It  should  be  strong  in  the 
vicinity  of  the  point  and  fall  off  at  a  large  distance.  The 
usual  least  squares  measure  has  the  opposite  property.  It 
emphasizes  the  effects  of  far  away  points,  which  have  lit¬ 
tle  to  do  with  the  data  to  be  interpolated.  The  vicinity  in 
which  the  force  is  most  effective  should  be  controllable,  as 
well  as  the  strength.  This  will  reflect  the  degree  of  reliabil¬ 
ity  in  determining  the  position  of  the  data  point.  A  reliable 
data  point  can  be  assigned  a  strong  force  in  a  smaller  vicin¬ 
ity.  The  force  is  proportional  to  the  length  of  the  curve  on 
which  it  acts,  ds,  for  it  acts  independently  on  each  (infinites¬ 
imal)  part  of  the  curve.  We  found  it  necessary,  in  addition, 
to  divide  the  force  by  the  total  length  of  the  urve  L,  to 
eliminate  the  incentive  for  the  curve  to  increase  its  length 
without  getting  closer  to  the  data  points.  Without  this  nor¬ 
malization  the  curve  may,  for  instance,  oscillate  around  the 
data  points. 

The  attraction  force  is  thus  represented  in  the  total 
energy  E  by  the  potential  energy  V(x)ds/L.  The  potential 
function  V (x)  is  the  cumulative  influence  of  all  the  data 
points  at  the  point  x,  and  is  independent  of  the  curve.  The 
potential  energy  of  the  curve  thus  depends  on  the  magni 
tude  of  the  potential  function  V  at  the  points  through  which 
the  curve  passes.  The  force  itself  is  the  derivative  of  V .  The 
contribution  of  each  data  point  to  V (x)  can  be  chosen  in 
several  ways,  consistent  with  the  requirements  above.  De¬ 
noting  this  contribution  by  g(r),  where  r  =  |x  -  xfc|  is  the 
distance  between  the  point  and  a  data  point  x/t,  one  may 
choose 


9{r)  = 


ae 


-r*/b> 


1  +  cr 


where  a,b,c  a. <.  parameters  at  our  disposal.  This  potential 
falls  off  at  large  distances,  with  its  effective  range  being  de¬ 
termined  by  6;  a  is  the  strength  of  the  contribution,  and  c 
helps  in  shaping  the  force  near  the  data  point.  We  found 
a  Gaussian  function  divided  by  r  (i.e.  c  »  1)  more  effec¬ 
tive  in  some  cases  then  a  pure  Gaussian  (c  =  0)  although 
the  difference  is  not  crucial.  Other  functions  are  possible 
but  have  not  been  tried,  such  as  as  a  Lorentzian  resonance 
function 


This  too  satisfies  our  requirement,  without  the  need  to  cal¬ 
culate  exponential  functions,  which  may  be  time  consuming 
on  some  machines. 

The  potential  at  a  point  x,  V  (£),  can  be  regarded  as  a 
discrete  convolution  over  the  picture  /: 


V{*)  =  ^2f(£ri)g(x~Xn) 
n 

where  the  summation  is  over  all  pixels  of  the  picture,  and 
f(x„)  is  the  picture  intensity  at  the  pixel  at  xn.  In  the  case 
of  a  simple  set  of  data  points  to  be  interpolated,  /  equals  1 
at  a  data  point  and  0  elsewhere.  In  that  case  V (x)  is  simply 
the  sum  over  the  data  points  J^k  —  art). 

Now  the  question  arises  how  best  to  calculate  V.  V  has 
to  be  known  at  every  point  where  the  curve  is  calculated, 
rather  then  at  every  picture  point.  Thus  the  convolution 
need  only  be  done  at  points  lying  on  the  curve,  and  this  can 
save  a  considerable  amount  of  time,  even  if  several  curves 
are  computed  as  iterations  in  the  minimization  process. 

In  fact  even  with  this  saving  the  convolution  has  proven 
rather  time  consuming  on  a  VAX,  and  we  used  a  different 
approach.  We  calculated  the  convolution  on  a  fixed  rectan¬ 
gular  grid,  then  interpolated  V  at  the  curve  points  using  the 
V  values  on  these  fixed  grid  points.  This  amounts  to  fewer 
points  on  which  the  convolution  is  calculated,  because  the 
number  of  iterations  is  usually  quite  large.  Typically  we 
used  a  20  x  20  grid,  while  tl  „  i,  urve  had  20  points  and  was 
iterated  70  times.  The  interpo  ation  was  carried  out  using 
the  cubic  Hermite  splines  mentioned  earlier,  in  a  2-variable 
generalization. 

Now  that  we  can  express  the  both  curve  and  V  at  every 
point,  we  can  calculate  the  integral  E.  The  integration  has 
to  be  done  numerically  on  each  interval  [£,, xt+i].  Since 
the  integrand  is  made  up  of  polynomials  with  a  limited 
number  of  parameters,  orly  a  few  internal  points  are  needed 
in  each  interval.  In  fact  .ve  found  that  using  the  mid-point, 
with  Simpson’s  rule,  is  a  satisfactory  approximation.  (In 
spite  of  the  polynomial  representation,  the  integral  cannot 
be  performed  analytically  due  to  the  presence  of  ds  which 
involves  a  square  root,  and  even  otherwise  it  would  be  quite 
tedious  i 


XI.  THE  MINIMIZATION  METHOD 

Once  we  have  expressed  the  energy  E  as  a  function  of  a 
finite  number  of  unknowns,  it  remains  to  minimize  it 

with  respect  to  these  unknowns.  More  decisions  are  needed 
here.  Basically  there  are  two  avenues  open  before  us.  The 
first  is  to  find  the  minimum  point  by  solving  the  system  of 
non-linear  equations 


dE(xj,yj) 

dn 

dE{x„yj)  =  Q 

dy2 

In  the  theoretical  paper  (Weiss,  1986a]  we  used  the  Euler- 
Lagrange  equations  to  minimize  E  analytically  in  some 
simple  cases.  The  above  minimization  method,  where  the 
quantities  in  E  are  expressed  as  a  superposition  of  finite  ele¬ 
ments,  amounts  to  discretizing  the  Euler-Lagrange  equation 
by  the  Rayleigh-Ritz  method. 

The  best  routine  we  know  of  for  the  solution  of  a  non¬ 
linear  system  of  equations  is  in  the  MINPACK  library,  avail¬ 
able  from  Argonne  National  Laboratory.  It  also  appears, 
under  the  name  SNSQE,  in  the  National  Bureau  of  Stan¬ 
dards  library  and  the  SLATEC  library.  It  is  bailed  on  a 
modified  Newton  method,  combined  with  Powell’s  method. 

This  method  was  on  the  whole  not  successful  in  our 
application.  The  Newton  method  needs  a  pretty  good  ini¬ 
tial  guess  in  order  for  it  to  converge.  Except  in  special 
cases  where  we  could  provide  one,  the  method  rarely  con¬ 
verged,  and  when  it  did  it  was  not  to  a  minimum  but  to 
some  stationary  point.  Thus,  it  wasn’t  hard  to  decide  to 
take  the  other  route,  and  treat  the  problem  as  a  non-linear 
optimization  problem. 

There  are  still  several  choices.  We  focused  on  two,  the 
conjugate  gradient  method,  and  the  variable  metric  BFG3 
method,  both  also  available  from  Argonne  National  Labo¬ 
ratory.  Both  methods  work  well  and  always  converge  to  a 
solution.  The  conjugate  gradient  method  is  guaranteed  to 
converge  to  the  minimum  in  n  steps,  where  n  is  the  num¬ 
ber  of  unknowns,  for  a  quadratic  function  E.  Our  problem 
is  in  general  not  quadratic,  and  3-^  times  that  number  is 
needed.  (The  program  uses  a  Beale  restart  if  more  then 
n  steps  are  executed.)  While  the  BFGS  algorithm  is  usu¬ 
ally  faster,  it  requires  considerably  more  memory  then  the 
conjugate  gradient  method,  on  the  order  of  n2  numbers  vs. 
n.  While  the  differences  may  not  be  very  important  for  a 
curve,  they  may  be  of  crucial  significance  for  surface  inter¬ 
polation,  where  n  can  be  of  the  order  of  100  x  100.  For 
a  curve  with  20  knot  points,  the  BFGS  was  about  30-40% 
faster,  depending  on  the  particular  problem,  than  the  con¬ 
jugate  gradient  method,  but  required  1000  memory  cells  vs. 
200.  (ss  n(n  +  7)/2  vs.  w  5n). 

At  this  point  there  arises  the  question  of  the  unique¬ 
ness  of  the  solution.  For  a  convex  function  E,  uniqueness 
is  assured.  If  a  function  is  convex  with  respect  to  its  argu¬ 
ments,  then  it  has  only  one  minimum.  (This  has  nothing  to 
do  with  the  convexity  of  the  curve  itself  )  Our  E  is  in  gen- 
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eral  non-convex.  One  reason  is  that  the  potential  function 

V  is  not  convex.  Thus  one  can  arrive  at  a  local  minimum, 
and  be  ignorant  of  a  lower  minimum  nearby.  The  choice 
of  the  parameters  in  the  attraction  force  g  has  an  impact 
on  the  convexity  of  V .  Quadratic  gs  would  always  yield  a 
quadratic  sum  V ,  and  thus  V  would  have  a  unique  solution. 
We  rejected  this  kind  of  force  because  of  its  bias  towards 
distant  points.  A  finite  range  force  that  falls  of  beyond  an 
effective  distance  ( b  in  our  notation),  such  as  a  Gaussian, 
is  quadratic  in  an  area  the  size  of  b,  and  thus  there  is  a 
unique  minimum  at  areas  of  roughly  this  size.  For  a  long 
range  force,  or  large  b,  there  will  be  only  a  few  minima  in 
the  picture.  However,  the  resolution  of  the  data  is  lower, 
as  g  smoothes  the  picture  by  being  convolved  with  the  pic¬ 
ture.  In  addition,  the  shallowness  of  the  resulting  minima 
mean  a  slow  convergence  rate.  A  short  range  force,  with 
small  b,  leads  to  a  curve  that  follows  the  data  more  accu¬ 
rately,  but  with  a  more  bumpy  function  to  minimize.  Thus 
the  parameter  b  can  control  the  overall  smoothness  of  the 
curve  to  some  extent,  along  with  the  total  number  of  knot 
points. 

Another  consequence  of  the  non-linearity  is  the  loss  of 
the  guaranteed  stability  that  the  linear  finite  element  the¬ 
ory  gives.  Instability  occurs  when  the  discretized  problem 
has  a  solution  of  its  own  which  is  very  far  from  the  continu¬ 
ous  one  (such  as  a  solution  that  oscillates  sharply  between 
the  mesh  points).  This  is  a  quite  common  problem  in  fi¬ 
nite  difference  methods.  The  finite  element  method  that  we 
are  using  is  well  understood  in  the  linear  case  and  insures 
stability  and  convergence:  the  solution  of  the  discrete  equa¬ 
tion  will  approach  that  of  the  continuous  one  as  n  increases. 
The  non-linear  behavior  is  not  that  well  understood.  Our 
implementation  had  a  minor  problem  which  we  currently 
regard  as  instability.  The  curve  sometimes  “folds”  on  it¬ 
self  and  turns  sharply  by  180°.  The  turning  region  has  of 
course  a  high  curvature,  but  it  is  highly  localized  and  the 
discrete  mesh  manages  to  avoid  it.  A  detailed  inspection 
of  the  calculation  led  us  to  change  the  cu.vature  term  by 
either  interchanging  s  and  a  or,  better  still,  eliminate  s 
altogether  and  express  the  curvature  as  d2x/da 2  (see  Sec. 
II).  This  has  indeed  almost  eliminated  the  folding  problem, 
although  more  clarification  of  the  situation  is  needed. 

XII.  RESULTS 

As  a  test  of  the  basic  principles  of  our  theory  we  com¬ 
pared  the  performance  of  our  method  against  that  of  a  sim¬ 
pler  energy  principle  [Horn,  1 977 j  in  representative  cases 
and  tested  the  effect  of  our  innovations.  We  also  tested 
the  effects  of  several  key  ingredients  of  the  theory.  For  this 
purpose  a  synthetic  data  set  was  sufficient. 

We  first  considered  an  interpolation  problem,  in  which 
information  is  given  only  at  the  end-points  of  the  curve, 
while  the  rest  of  the  curve  has  to  be  interpolated.  Here, 

V  =  0.  Fig.  6  the  curve  obtained  in  such  a  case.  This 
curve  might  represent  an  occluded  segment  of  a  shape  whose 
visible  part  is  represented  by  the  dashed  lines.  When  both 
tangents  were  90°,  we  have  obtained  a  semi-circle.  Without 
the  normalization  factor,  an  ellipse  was  obtained.  The  end¬ 


points  and  the  curve  tangents  there  were  maintained  by  a 
strong  quadratic  potential  applied  at  the  end-points  and 
the  points  adjacent  to  them. 

We  next  examined  the  effect  of  our  reparamctrization 
of  the  curve  by  a.  This  was  done  by  using  a  right-angle  cor¬ 
ner  as  our  data  and  testing  how  well  the  curve  can  follow  it 
The  spring  was  attracted  to  the  data  points  by  a  force  rep¬ 
resented  by  a  potential  V  described  earlier.  In  the  following 
figures,  crosses  represent  the  data  points,  and  diamonds  are 
the  knot  points.  Fig  7a  shows  the  curve  parametrized  sim¬ 
ply  by  the  arclength  s.  The  positions  of  the  knot  points 
were  determined  by  the  requirement  of  minimal  bending 
+  potential  energy.  (No  stretching.)  In  Fig  7c  the  curva¬ 
ture,  or  bending  energy,  was  measured  with  respect  to  the 
parameter  a,  which  was  an  unknown  found  by  the  mini¬ 
mization  algorithm.  Fig  7b  is  an  intermediate  form  of  the 
curvature,  using  both  s  and  a.  (The  curvatures  in  Figs. 
7a,b,c  were  expressed,  respectively,  as 

d2x  d2x  d2x 

ds 2  ’  dsda '  da 2 

One  can  clearly  see  that  the  corner  is  followed  much  more 
closely  when  a  is  used  in  place  of  s,  as  more  points  are  con¬ 
centrated  in  the  corner  in  this  case.  The  distance  between 
the  knot  points  in  the  corner  in  Fig  7c  is  about  a  quar¬ 
ter  of  their  distance  along  the  straight  sections.  In  Fig. 
7a,  in  contrast,  where  conventional  curvature  is  used,  the 
distance  between  the  knots  remains  constant,  and  one  can 
observe  the  strong  tendency  of  this  simpler  energy  measure 
to  round  the  corners  as  the  only  way  to  minimize  the  total 
curvature. 

The  particular  representation  of  the  curve  also  has 
some  effect  on  how  well  it  can  follow  the  data.  In  our  B- 
spline  representation,  s  has  a  continuous  second  derivative 
with  respect  to  a,  and  this  limits  the  amount  by  which  the 
distance  between  the  knot  points  can  vary  along  the  curve. 
In  the  line  segment  representation  this  variation  was  more 
pronounced  and  the  density  of  knot  points  in  the  corner 
was  greater  then  in  the  present  examples,  so  it  deserves  a 
further  look  in  spite  of  some  instability  problems.  A  rep¬ 
resentation  by  Bessel  or  Akima  cubic  splines,  which  have 
continuous  first  derivative,  also  merits  consideration. 

Our  next  test  involves  interpolating  sparse  data  points 
indicating  some  arbitrarily  winding  curve.  The  curve  is 
neither  convex  nor  closed.  There  was  no  need  for  any  con¬ 
ditions  on  the  boundary.  Fig.  8a  shows  the  interpolating 
curve  with  20  knot  points  (which  do  not  coincide  with  the 
data  points).  In  Fig.  8b  the  resolution  of  the  curve  was  re¬ 
duced  to  10  points.  The  curve  is  smoother,  but  follows  the 
data  less  closely.  A  similar  effect  can  be  observed  in  Fig. 
8c;  this  time  the  curve’s  resolution  was  kept  high,  while  the 
effective  range  of  the  potential  g  was  increased.  That  has 
the  effect  of  smoothing  the  data  itself. 

Finally,  a  planar  curve  in  3-D  was  obtained  from  input 
consisting  of  two  end-points  with  known  coplanar  tangents. 
The  result  is  similar  to  Fig.  7c,  except  that  it  lies  in  the 
3-D  space. 
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XIII.  CONCLUSIONS 

In  this  paper  we  have  presented  a  new  method  of  re¬ 
constructing  a  3-D  surface  from  given  contours.  Some  ad¬ 
vantages  of  this  mechanism  are  its  ability  to  handle  shapes 
containing  both  small-scale  and  large  scale  features,  and 
dimensionlessness.  These  are  among  the  requirements  that 
any  reconstruction  mechanism  will  have  t''  meet.  The 
method  is  based  on  representing  the  surface  as  a  network 
of  springs,  with  each  (natural)  coordinate  curve  on  the  sur¬ 
face  being  analogous  to  one  spring.  The  springs  contribute 
energy  from  both  their  bending  and  stretching,  and  the  op¬ 
timal  surface  is  obtained  by  minimizing  the  energy  of  the 
system  over  all  possible  spring  networks  which  conform  with 
the  given  data. 

The  springs’  “coils”  represent  knots  of  a  varying  mesh, 
that  is  used  to  overcomes  the  problem  of  variations  of  differ¬ 
ent  scales  in  different  parts  of  the  curve.  The  mesh  is  finer, 
or  the  coils  are  more  densely  concentrated,  in  parts  of  the 
curve  that  change  more  rapidly.  The  same  minimum  prin¬ 
ciple  determines  both  the  optimal  placement  of  the  knots 
and  the  shape  of  the  curve  (or  surface)  between  the  knots. 

We  have  examined  a  few  cases  that  can  be  handled  an¬ 
alytically,  mainly  because  of  their  symmetry.  A  surface  of 
revolution,  for  instance,  along  with  its  meridians  and  par¬ 
allels,  could  be  reconstructed  from  appropriate  boundary 
conditions.  These  cases  also  seem  consistent  with  human 
perception. 

We  have  implemented  the  theory  numerically  in  the 
2-D  case.  The  implementation  has  produced  results  on  sev¬ 
eral  levels.  At  the  higher  level  of  evaluating  the  theory  as 
a  whole,  we  have  a  proof  of  the  basic  principle  described 
above.  The  program  has  worked  well  in  this  respect.  As  we 
saw,  the  curve  has  no  problem  following  sharp  corners,  by 
placing  more  knot  points  there.  This  problem  of  different 
rates  of  change  of  a  curve,  such  as  the  difference  between 
a  corner  and  a  straight  line,  has  plagued  all  other  curve 
fitting  techniques  and  it  seems  that  our  method,  in  princi¬ 
ple,  solves  the  problem.  In  addition,  our  method  does  not 
impose  the  restrictions  that  many  other  methods  do.  In 
particular,  the  curve  need  not  be  convex,  closed,  nor  single 
valued.  There  remain  other  problems  that  usually  arise  in 
minimization  methods.  The  non-uniqueness  of  the  solution 
means  that  the  method  will  need  some  higher  level  guidance 
to  choose  the  “right”  solution.  Efficiency  is  another  issue, 
although  it  was  not  our  goal  here.  It  would  be  interesting 
to  consider  the  question  of  whether  a  multi-resolution  algo¬ 
rithm,  which  was  successful  in  accelerating  the  convergence 
of  a  linear,  fixed  grid  minimization  problem  [Terzopoulos, 
1984],  would  be  applicable  to  our  case. 

On  another  level,  the  implementation  has  improved 
our  understanding  of  the  theoretical  problem  and  led  to 
some  changes.  Among  them  were:  (i)  The  bending  term 
was  generalized  somewhat,  to  include  various  possibilities 
of  expressing  the  curvature  as  a  second  derivative  of  i  with 
respect  to  s  and  a.  (ii)  The  treatment  of  the  global  factor  L. 
By  treating  it  as  an  independent  variable  to  be  determined 
by  the  Lagrange  multiplier  method  we  have  been  able  to 
keep  the  global  computations  to  a  minimum.  This  will  be 


important  in  an  implementation  on  a  parallel  machine. 

On  the  numerical  level,  we  have  learned  about  vari¬ 
ous  numerical  aspect  of  the  implementation  and  found  suit¬ 
able  ways  of  representing  and  discretizing  the  curve  and  the 
data.  W'e  have  dealt  with  convergence  and  stability  prob¬ 
lems,  and  have  examined  the  effects  of  various  parameters 
in  the  theory.  All  this  has  great  value  in  implementing  the 
more  general  case  of  3-D  surface  interpolation. 
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ABSTRACT 

The  key  problem  in  stereo  is  a  search 
problem  which  finds  the  correspondence  between 
points  in  left  and  right  images,  so  that,  given 
the  camera  model,  the  depth  can  be  computed  from 
triangulation.  This  paper  presents  a  stereo 
matching  method  using  a  modified  Viterbi  algo¬ 
rithm.  Our  algorithm  matches  surfaces  between 
edges  (scanline  interval*  between  edgels  belong¬ 
ing  to  edges)  ies  ’he  tvo  images.  Interval  ratio, 
edgel  orientation  angles  and  contrast  are  used  in 
developing  a  imi  1  •’r  i.ty  function  (cost  or  gain) 
to  match  edgel  v  intervals)  in  the  two  images  on 
the  same  scalin’...  The  major  advantages  of  our 
method  is  n  th<  computation  The  method  has 
been  tested  with  different  types  of  images  and 
the  results  are  presented  in  the  paper. 

INTRODUCTION 

In  the  p-ts*  few  years,  we  have  seen  a  grow¬ 
ing  interest  in  the  application  of  3D  image 
processing.  With  increasing  demand  for  3D  spa¬ 
tial  information  for  tasks  of  passive  navigation 
[1,  2],  automatic  surveillance  (3],  aerial  car¬ 
tography  [4,  sf,  and  inspection  in  industrial 
automation,  the  importance  of  effective  stereo 
analysis  has  been  made  quite  clear.  A  particular 
challenge  in  this  area  is  to  provide  relio6ie  and 
accurate  depth  data  for  input,  to  object  or  ter¬ 
rain  modeling  systems. 

Barnard  and  Fischler  [6]  viewed  ’he  problem 
of  stereo  analysis  in  terms  of  image  a  "uisition, 
camera  modeling,  feature  acquisition,  i  ,*gv 
matching,  depth  determination  and  in  lei  p .  '  ion . 

The  crucial  one  is  that  of  image  ma tch irg  ]  ich 
identifies  the  corresponding  points  in  tjro  if.,a$. 
that  are  cast  by  the  same  physical  point  ic  J 
space.  This  research  work  is  concerned  only  with 
this  problem.  The  paper  addresses  a  research 
problem  which  finds  the  correspondence  points  b e 
tween  the  left  and  right  images,  so  that  given 
the  camera  model,  the  depth  can  be  computed  by 
triangulation.  Knowing  the  geometric  relation¬ 
ships  between  the  cameras  used  in  the  imaging  can 
reduce  lroage-to-image  correspondence  to  a  set  of 


scanline-to-scanline  correspondence  problems. 

When  a  pair  of  stereo  images  is  rectified,  the 
epipolar  lines  are  horizontal  scanlines  (rows). 
The  epipolar  lines  are  intersections  of  the  two 
image  planes  with  an  epipolar  plane  which  passes 
through  an  object  point  and  the  two  camera  foci. 
Figure  1  shows  the  geometry  of  this  situation. 

In  edge-based  stereo,  edges  in  the  images  are 
used  ac  the  elements  whose  correspondences  are  to 
be  found. 
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Fig.  1  Collinear  Epipolar  Geometry 

A  pair  of  corresponding  edgels  (edge- 
elements  [7])  in  the  right  and  left  images  should 
be  searched  for  only  within  the  same  horizontal 
scan  lines.  The  search  within  the  same  horizon¬ 
tal  scanlines  can  be  treated  as  the  problem  of 
finding  a  matching  path  on  a  two-dimensional  (2D) 
search  plane  whose  vertical  and  horizontal  axes 
are  the  right  and  left  ccanlines.  A  modified 
viterbi  algorithm  (a  version  of  dynamic  program¬ 
ming  technique)  [8,  9]  Can  be  used  for  this  2D 
search  efficiently. 

However,  if  there  is  an  edge  (curve  composed 
of  e<ice]s)  extending  across  scanlines,  the  cor 
r es/c es  in  one  seat.line  have  strong  depen¬ 
dency  on  the  correspondences  in  the  neighboring 
scanlines  because  if  two  edgels  are  on  a  non- 
horizontt.1  edge  in  Ute  left  image,  their  cor¬ 
responding  edgels  most  likely  lie  on  a  cor- 
rc spondi.if  edge  in  the  right  image  [10].  Tc  ac- 
couu  (nr  t  ■  ,  edge  correspondence  is  sought 
thre  ,>.e  ••  d.fied  viterbi  algorithm. 
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The  various  stereo  matching  methods  differ 
in  the  primitives  used  for  matching,  similarity 
measures  used  for  matching,  and  the  techniques 
(algorithms)  used  for  local  and  global  matching 


In  this  paper  we  use  edgels  as  a  primitive  for 
local  matching  (scanline  to  scanline)  and  edges 
(curves  composed  of  edgels)  as  a  primitive  for 
global  matching.  Several  similarity  functions 
are  developed  which  are  used  to  estimate  the  cost 
of  edgel  (interval)  similarity.  The  stereo 
matching  method  developed  in  this  paper  also  uses 
modified  viterbi  algorithm,  as  in  the  case  of  Ar¬ 
nold  [8],  Baker  and  Binford  [9],  and  Ohta  and 
Kanade  [10],  to  determine  edgel  correspondence 
and  edge  correspondence.  The  major  advantage  of 
the  method  described  here  is  in  the  computation. 

First,  we  give  a  brief  review  of  previous 
work  in  stereo  matching,  then  we  describe  our 
method  and  the  implementation  details,  and 
finally  present  some  of  the  results  of  applying 
this  method  to  real  images  and  conclusions. 

REVIEW 

For  stereo  matching,  area-based  [11,  12]  and 
feature-based  [£,  9,  10,  13,  18]  techniques  have 
been  used.  In  area- based  analysis  two- 
dimensional  windowing  operators  measure  the 
similarity  in  intensity  pattern  between  local 
areas,  or  windows,  in  the  two  images.  Cross¬ 
correlation  is  used  to  determine  matches  between 
windows  in  oYie  image  with  windows  in  the  other. 
Area-based  correspondence  has  been  applied  quite 
successfully  to  the  stereo  analysis  of  rolling 
terrain,  but  it  degrades  when  the  scene  is  not 
smoothly  varying  and  continuous.  It  requires  the 
presence  of  detectable  texture  within  each  cor¬ 
relation  window,  and  consequently  it  tends  to 
fail  in  featureless,  r epe t i t ive- te.'ture  environ¬ 
ments,  or  surface  discontinuities.  At  surface 
discontinuities  there  are  occlusions  and  no  pos¬ 
sible  correspondence  between  areas  crossing  the 
occlusion. 

Feature-based  systems  match  features  derived 
from  the  two  images  rather  than  the  intensity  ar¬ 
rays.  The  most  commonly  used  features  are  edges 
that  are  extracted  from  the  intensity  image  for 
matching.  The  underlying  principle  is  that  a 
discontinuity  in  the  intensity  represents  a  dis¬ 
continuity  on  the  physical  surfaces  in  the  scene. 
The  discontinuity  can  be  due  to  surface  depth, 
orientation,  reflectance,  or  illumination.  By 
matching  these  features  we  match  physical  curves 
on  object  surfaces. 

The  feature-based  systems  are  less  sensitive 
to  photometric  variations  because  they  represent 
geometric  properties  of  a  scene  and  are  faster 
since  the  number  of  features  to  consider  are 
fewer  than  the  number  of  pixels.  Also,  the  match 
i6  more  accurate  as  the  features  (edges)  in  an 
image  can  be  located  with  subpixel  accuracy. 

Since  the  feature  matching  leads  only  to  a  sparse 
depth  map,  we  need  to  reconstruct  dense  depth  map 
through  surface  interpolation,  area  matching,  or 
model-based  interpretation. 

The  most  widely  known  edge-based  stereo  sys¬ 
tem  is  that  of  Marr  and  Poggio  [  1 A ]  ,  as  imple¬ 
mented  by  Grimson.  It  uses  an  uniqueness  con¬ 
straint  to  assign  at  most  one  disparity  value  to 
each  point  in  the  image  and  continuity  require¬ 


ment  such  that  disparity  values  change  smoothly, 
except  at  depth  discontinuities. 

Medioni  and  Nevatia  [13]  used  segments, 
groups  of  col  linear  connected  edge  points,  as 
matching  primitives.  In  their  study,  the  cor 
respondence  is  based  on  a  minimum  differential 
disparity  criterion.  Arnold  ani  Binford  [15] 
developed  an  edge-based  stereo  correspondence 
system  that  used  local  edged  properties  to  select 
edgel  match  possibilities,  and  a  weighted  itera¬ 
tion  process  to  resolve  match  conflicts. 

Baker  [16],  Arnold  [8],  Ohta  and  Kanade 
[10],  and  Baker  and  Binford  [9]  have  used  dynamic 
programming  technique  (viterbi  algorithm)  in 
stereo  matching.  Baker  first  processed  each  pair 
of  scanlines  independently.  After  all  the  scan¬ 
line  matching  was  done,  he  used  a  cooperative 
process  to  detect  and  correct  the  matching 
results  which  violate  the  consistency  con¬ 
straints.  Since  this  method  does  not  use  the 
across-scan- 1  ine  constraints  directly  in  the 
search,  the  result  from  the  cooperative  process 
is  not  guaranteed  to  be  optimal.  Ohta  and  Kanade 
applied  dynamic  programming  for  scanline  search 
and  across-scanl  ine  search.  The  problem  of  ob¬ 
taining  correspondence  between  edgels  on  right 
and  left  epipolar  scanlines  was  solved  as  a  path 
finding  problem  on  a  2D  plane.  THe  problem  of 
obtaining  a  correspondence  between  edges  under 
across-scanline  consistency  constraint  was  viewed 
as  a  problem  of  finding  a  set  of  paths  in  a  3D 
space  which  is  a  stack  of  2D  planes  for  across- 
scanline  search.  The  optimal  path  on  the  2D 
plane  is  obtained  by  iterating  the  selection  of 
an  optimal  path  on  the  2D  plane  is  obtained  by 
iterating  the  selection  of  an  optimal  path  at 
each  2D  node  (intersection  of  lef*  edge  and  right 
edge).  Similarly  the  optimal  set  of  naths  in  3D 
space  was  obtained  uy  iterating  the  selection  of 
an  optimal  set  of  paths  at  each  3D  node.  The 
numbers  of  computations  involved  are  estimated  to 
be  0(T  U2  V2  M2  N2)  where  T  stands  for  the  number 
of  scanlines  in  the  images,  U  and  V  are  for  the 
number  of  edges  in  the  right  and  left  images,  and 
M  and  N  for  the  average  numbers  of  edgel  points 
in  one  scanline  in  the  right  and  left  images, 
respectively.  This  is  a  tremendous  number  of 
computations  involved  in  the  search  for  cor¬ 
respondence. 

In  the  Ohta  and  Kanade  study  the  computatio, 
ol  cost  in  the  search  .lgorithm  was  based  on  the 

cost  of  the  primitive  path  on  a  2T  seat'd  piano. 
The  cost  of  a  2D  primitive  path  w..  s  def  inti 
the  similarity  between  interval,  eel  :mil  V  jy 
edgels  in  the  right  and  left  xmagce  ,h  ■  sPrn-e 
scanline.  The  similarity  was  ui*?ojred  *...  •ors.c 
of  the  variance  of  the  intercity  -'..lu.ee  the 
pixels  which  comprise  the  l,.o  intt  r  .1. 

MODIFIED  VI'ERoI  ALGOT'THM  lb1 

Dynamic  programmi  ,  j.o  te.  h  _que  u'.lful 
for  matching  two  sequenc-s.  It  .  ves  .  t>  N-otage 
decision  process  as  N  sing!  p-s  t.  °e  jro'.sses. 

This  reduces  the  computatu  il  CO,  f.  1  l  C'  to  the 
logarithm  of  the  original  combi.-iat^  u,l  <  no.  Tn 


767 


ambiguity  and  to  obtain  gloDal  correspondences, 
edge  (connected  edgels  across  scanlines)  cor¬ 
respondences  are  used.  The  problems  of  cor¬ 
respondences  between  edges  (intervals  between 
edges)  in  the  two  images  can  be  viewed  as  an  ex¬ 
tension  of  scanline  correspondence  search. 

For  illustrative  purposes,  let  us  consider 
the  right  and  left  images  in  Fig.  3.  The  images 
are  three  scanlines  wide.  There  are  five  inter¬ 
vals  between  edges  (including  right  end;  left  end 
is  treated  as  beginning)  in  the  left  image  and 
four  in  the  right  image.  (Even  though  the  edges 
are  shown  as  vertical  lines,  in  reality,  they  are 
curves. ) 

in  tirva  1 
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b*  c'  ,  d 


Left  Image 


scant  me  edge 

?  71 


a  /  b  c  d 


l  »  n  o  P 


Right  Image 

The  number  in  the  circle  next  to  an  edge 
is  its  index. 


Fig.  3  Images  Showing  Edges,  Intervals  and  Scan 
lines. 

A  pair  of  edges  in  the  left  and  right  images 
make  a  set  of  2D  nodes  when  they  share  scanline 
pairs.  This  set  of  2D  nodes  is  referred  to  as  a 
single  3D  node.  The  cost  at  a  3D  node  is  the  sum 
of  the  costs  of  2D  nodes  belonging  to  that  3D 
node. 

For  example,  the  cost  of  matching  edge  2  in 
the  right  image  with  edge  1  in  the  left  image  (3D 
node  1)  is  the  sum  of  the  costs  of  matching  in¬ 
terval  fg  with  f'g'  (2D  node  21)  on  scanline  2 
and  mn  with  n'o'  (2D  node  21)  on  scanline  3. 
Similarly,  the  cost  of  matching  edge  2  in  the 
right  image  with  edge  2  in  the  left  image  (3D 
node  22)  i6  the  6um  of  the  costs  of  matching  ab 

with  a'b'  on  scanline  1,  fg  with  g'h1  on  scanline 
2,  and  mn  with  o'p'  on  scanline  3. 


Using  these  edge-costs  (3D  node  costs)  as 
elements,  an  edge-cost  matrix  (first  matrix)  is 
computed.  The  viterbi  algorithm  is  used  to  con¬ 
struct  a  second  matrix  which  gives  the  optimal 
path  and  best  edge  match. 

METHOD 

In  Fig.  3,  edges  belonging  to  left  image  and 
right  image  are  shown.  Even  though  the  method 
matches  edges  in  the  two  images  to  get  depth  in¬ 
formation,  in  reality  it  is  equivalent  to  match¬ 
ing  surfaces  between  edges  in  the  two  images. 

The  method  involves  the  following  steps  and 
computa  tions : 

(1)  The  edgels  are  obtained  by  applying  the 
operator  described  in  [7]  to  a  pair  of  stereo 
images.  The  operator  produces  edgels  by  fitting 
a  directional  tanh-surface  to  windows  in  the 
images.  These  edgels  are  then  linked. 

(2)  Edges  are  formed  by  an  edge-linking 
process  such  that  two  edges  in  an  image  do  not 
intersect. 

(3)  Edges  are  ordered  and  labeled  in  both 
images. 

(4)  The  edgel  (interval)  similarity  cost  is 
computed  from  the  formula: 

co s t  edSeli, j(t)  =  k  (interval  ratio  similarity 

function) 

x  (edgel  orienta  ’-n  similarity  function)  (edgel 

contrast  similarity  function) 

for  all  i,  j,  and  t 
where 

i  =  index  of  edgel  in  the  right  image 
j  =  index  of  edgel  in  the  left  image 
t  =  scanl  ine  index 
k  =  constant 

All  the  above  four  steps  are  explained  in 
detail  in  the  implementation  section  later. 

(5)  The  surface  (interval  between  neighbor 
edges)  similarity  cost  (edge  cost)  is  given  by 

costu,v(s)  =t  cost  edgel  i,  j  ( t )  =£cu,v(t) 

where  u  and  v  are  edge  indices  in  the  right  and 
left  images,  respectively.  The  summation  is  over 
the  scanlines  which  are  common  to  edge  u  in  the 
right  image  and  edge  v  in  the  left  image.  This 
forms  one  element  (u,v)  in  the  edge  cost  matrix 
which  has  dimension  of  U  x  V  where  U  is  the  num¬ 
ber  of  edges  in  the  right  image  and  V  is  the  num¬ 
ber  of  edges  in  the  left  image.  The  edgel  j 
belongs  to  edge  u  and  edgel  j  belongs  to  edge  v. 

(6)  After  determining  the  edge  cost  matrix 
(first  matrix)  from  step  3,  it  is  optimized  using 
viterbi  algorithm  to  obtain  a  second  matrix  as 
shown  below: 


costo,u,v( s)  =  Max  {  (costo,u-l ,v-l(s)  + 

COStu,v(s) ) .costo.u, v-l ( s) ,  COSto.u— 1 ,v^s^  } 

1  StO,0,o(s)  =  costo.u, o(s)  =  COSto,o,v(s)  =  0 

1  <  u  <  U 

1  <  v  <  V 

This  gives  the  optimal  path  and  best  match 
of  edges.  The  computations  involved  in  this 
method  for  optimization  are  3UV.  Example  2  il¬ 
lustrates  the  steps  involved  in  the  method. 

EXAMPLE  2 

For  Fig.  3,  the  edgel  cost  matrices  are 
given  for  each  of  the  scanlines.  On  scanline  1, 
there  are  3  edgels  (intervals)  belonging  to  edges 
2,  3  and  4,  respectively,  in  the  right  image. 
Similarly,  there  are  4  edgels  (intervals)  on 
scanline  1  in  the  left  image.  Therefore  the 
edgel  cost  matrix  for  scanline  1  is  3  x  4.  For 
scanlines  2  and  3,  the  edgel  cost  matrices  are 
respectively  4x5  and  4x4.  These  matrices  are 
given  in  Fig.  4. 


From  the  above  three  edgel  cost  matrices, 
each  element  in  the  edge  cost  matrix  is  computed 
by  summing  the  costs  belonging  to  the  same  3D 
node.  For  example,  3D  node  22  cost  is  computed 
by  summing  three  values  belonging  to  3D  node  22 
on  three  scanline  edgel  cost  matrices.  The  value 
is  .8  +  .7  +  .1  =  1.6.  The  edgel  cost  (first) 
matrix  and  second  matrix  are  given  in  Fig.  5. 
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Fig.  5  Edge  Costs  and  Optimal  Edge  Matches  for 
the  Images  in  Fig.  3. 
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Fig.  4  Edgel  Cost  Matrices  for  the  images  in 


MODIFICATION 

In  the  above  discussion  we  considered  edges, 
which  are  longer  than  a  threshold,  running  across 
several  scanlines.  If  one  desires  to  include 
edgels  that  do  not  belong  to  edges  in  the  match¬ 
ing,  the  previous  method  needs  modification.  To 
study  this,  let  us  consider  the  right  and  left 
images  shown  in  Fig.  6.  This  is  similar  to  Fig. 

3  except  that  edgels  on  individual  scanlines  are 
shown.  The  edgels  lie  between  longer  edges  whose 
correspondence  is  determined  by  the  method 
described  previously.  We  want  to  determine  the 
correspondence  of  these  edgels  (intervals)  on 
right  and  left  scanlines  under  the  constraint  of 

matching  edges  in  the  right  and  left  images.  The 
edge  matching  acts  as  s  true  (bard)  constraint. 


TVo  approaches  are  suggested  below  to  modify 
the  method  described  earlier  to  accommodate  edgel 
matching  between  edges. 
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Right  Image 

The  number  in  the  circle  next  to  the  edge 
is  its  index.  On  each  scanline,  edgels 
are  labeled  in  increasing  order  from  left 
to  right. 

Fig.  6  Images  Showing  Edgels,  Edges,  Intervals 
and  Scanlines. 

Approach  1: 

This  approach  involves  modification  of  step 
5  in  the  method.  Suppose  that  edge  2  in  the 
right  image  matched  with  edge  2  in  the  left 
image,  then  the  edgels  in  ab  need  to  match  with 
edgels  in  a'b'  on  scanline  1,  and  edgels  in  fg 
need  to  match  with  edgels  in  g'h'  on  scanline  2 
and  edgels  in  mn  need  to  match  with  edgels  in 
o'p'  on  scanline  3.  Therefore,  we  have  multiple 
edgels  (intervals),  instead  of  a  single  edgel 
(interval),  between  edges  on  each  scanline  for 
matching. 

For  each  scanline,  we  use  2D  search  to  match 
edgels  that  are  between  edges.  The  optimal  cost 
of  matching  edgels  between  edges  is  used  to  ob¬ 
tain  edge  cost  as  below: 

C08tu,v(s)  =  \  Co,u,v(t) 

The  summation  is  over  common  scanline  pairs 
(t  is  the  scanline  index). 

The  calculation  of  optimal  cost  for  matching 
edgels  between  edges  on  scanline  2  is  shown  in 
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Fig.  7  Illustration  of  the  Calculation  of  the  Op¬ 
timal  Cost  of  Hatching  Edgels  between 
Edges. 


The  additional  computation  for  this 
modification  in  the  method  is 

T3MN 


where 

T  =  number  of  scanlines  in  the  images 

M  =  average  number  of  edgels  in  one  scanline  in 
the  right  image 

N  =  average  number  of  edgels  in  one  scanline  in 
the  left  image 

The  total  number  of  optimization  computa¬ 
tions  =  3TMN  +  3UV. 

The  estimate  is  obtained  as  follows:  Each 
scanline  requires  3MN  computations,  there  are  T 
scanlines,  and  edge  matching  requires  3UV  com¬ 
putations. 

Approach  2: 

We  first  obtain  edge  matches  using  the  six 
steps  in  the  method  and  an  appropriate  threshold. 
Since  the  edge  matches  act  as  constraints,  we  can 
match  the  edgels  in  between  matched  edges  by  ap¬ 
plying  the  2D  search  only  in  the  subarrays  which 
belong  to  the  matched  3D  nodes  (edges). 


The  total  number  of  computations  are  much 
less  than  in  Approach  1  because  the  2D  search  is 
applied  only  in  the  subarrays  belonging  to 
matched  3D  nodes  (<  Min  (U,V)). 

IMPLEMENTATION 

The  stereo  matching  method  described  in  this 
paper  is  implemented  on  a  Symbolics  3600  machine 
using  common  LISP.  The  implementation  details  of 

the  first  four  steps  of  the  method  are  described 
below : 


EDGEL  DETECTION  AND  LINKING 

We  detect  edgels  by  applying  the  operator 
described  in  [7].  An  edge  in  an  image  corresponds 
to  a  discontinuity  in  the  intensity  surface  of 
the  underlying  scene.  It  can  be  approximated  by 
a  piecewise,  straight  curve  composed  of  edgels, 
i.e.,  short,  linear  edge-elements,  each  charac¬ 
terized  by  a  direction  and  a  position.  The  ap¬ 
proach  to  edgel  detection  is  to  fit  a  series  of 
one-dimensional  surfaces  to  each  window.  The 
operator  in  [7]  produces  a  list  of  edgels  by  fit¬ 
ting  a  directional  tanh-surface  to  windows  in  the 
images.  These  edgels  are  then  linked  and  fitted 
with  conic  sections  and  straight  lines.  The 
edgel  detection  is  robust  and  has  subpixel  posi¬ 
tion  accuracy  and  an  angular  localization  better 
than  10  .  Edges  are  formed  by  an  edge-linking 
process  such  that  two  edges  in  an  image  do  not 
intersect,  and  an  edge  does  not  cross  a  scanline 
more  than  once. 

EDGE  ORDERING 

The  edges  are  ordered  by  following  a  proce¬ 
dure  which  is  similar  to  the  one  in  [10].  The 
edges  which  run  across  the  same  scanline  are  lo¬ 
cally  ordered  from  left  to  right.  This  is  done 
independently  on  each  scanline.  Then  a  graph 
representing  this  local  order  is  generated  with 
nodes  as  edges  and  directed  arcs  showing  the  lo¬ 
cal  ordering  between  them.  For  each  node,  the 
maximum  numher  of  arcs  from  the  leftmost  node  to 
that  node  is  calculated.  The  edges  are  ordered 
by  the  increasing  order  of  their  maximum  number 
of  arcs.  If  the  edges  have  the  same  maximum  num¬ 
ber  of  arcs,  then  the  edge  which  starts  earlier 
is  given  the  smaller  index.  This  assignment 
scheme  is  neither  optimal  nor  unique. 

EDGEL  (INTERVAL)  SIMILARITY  COST 

The  step  4  ln  the  method  is  the  calculation 
of  the  edgel  (interval)  similarity  cost.  The 
similarity  cost  (edgel^  ;(£))  j.s  based  on  the  in¬ 
terval  ratio  similarity  function,  the  edgel 
orientation  similarity  function,  and  the  edgel 
contrast  similarity  function.  We  took  similarity 
cost  as  proportional  to  the  product  of  all  three 
similarity  functions.  In  computing  the  cost,  we 
look  for  interval  ratio  similarity,  orientation 
similarity,  and  the  contrast  similarity. 


The  interval  ratio  and  edgel  orientation 
measures  have  been  used  by  Arnold  [8]  and  Baker 
[9]  in  the  cost  evaluation  function.  They 
treated  them  as  probabilities  and  evaluated  the 
edgel  cost. 

In  this  paper,  specific  functions  have  been 
defined  for  these  three  measures  and  the  follow¬ 
ing  paragraphs  explain  these  functions. 

For  an  object  surface,  its  image  at  a  par¬ 
ticular  epipolar  line  will  generally  consist  of 
two  boundary  edges  and  the  interval  between  them. 
If  the  object  surface  is  visible  to  both  cameras, 
there  will  be  a  corresponding  interval  in  each 
image.  The  lengths  of  these  intervals  are  re¬ 
lated  to  the  angle  of  the  surface  and  to  the 
camera  geometry.  For  small  or  moderate 
baselines,  the  lengths  are  comparable. 


< - Baseline - > 


Fig.  8  Calculation  of  Interval  Ratio  Similarity 
Function. 


Arnold  [8]  has  shown  that  the  probability 
density  of  the  correspondence  of  the  two  inter¬ 
vals  LI  and  Lr  in  the  two  images  is  maximum  when 
LI  =  Lr. 

We  have  chosen  interval  ratio  similarity 
function  fi  to  be 
2 

fi  =  e-lO(l-r)  for  B/z  =  .07 

=  r  for  B/z  =  .2 

where 

Minimum  (Ll,Lr) 

r  - - 

Maximum  (Ll,Lr) 

For  a  corresponding  pair  of  edgels,  one  in 
the  left  image  and  one  in  the  right  image,  we  are 
interested  in  the  similarity  of  their  angles.  We 
adopted  the  following  similarity  function,  fo, 
for  edgel  orientation: 
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(1)  if  B/z  =  .0/ 
fo  -  (1  -  ---) 


(2)  if  B/z  =  .2 

fo  =  (1  -  Afl-) 
.  5 


for  /A0/  <  3 


for  /  Af I  >_  3 


for  /A 6/  <15 


for  /  A 0/  >  15 


\0  =  (01  -  6  r) 

01  =  edgel  orientation  with  respect  to  epipolar 
line  in  the  left  image 

9r  =  edgel  orientation  with  respect  to  epipolar 
line  in  the  right  image 

or  >  10 


01  >  10  . 

The  edgel  contrast  similarity  function,  fo,  is 
given  by 

fc  =  1.0  if  contrast  of  edgel  in  the  left  image  = 
contrast  of  edgel  in  the  right  image 

=  0  otherwise 

RESULTS 

This  paper  addresses  mainly  the  identifica¬ 
tion  of  corresponding  points  in  the  two  images. 
Since  our  method  generates  only  a  sparse  dis¬ 
parity  map,  it  is  difficult  to  display  the 
results  in  a  very  convenient  visual  form.  Proper 
display  requires  the  construction  of  an  inter¬ 
polating  surface  [17],  and  good  interpolation 
requires  object  segmentation  first.  This  is  not 
done  here  because  it  is  a  large  problem  by  it- 


The  matched  segments  in  the  left  and  the 
right  images  are  displayed  separately.  The  in¬ 
formation  about  which  segments  (edges)  in  one 
image  match  with  which  in  the  other  image  is 
provided. 

STANFORD  UNIVERSITY  BLOCKS  IMAGE 

We  first  applied  our  method  to  this  ’mage  of 
some  blocks,  cylinders  and  spheres  as  shown  Fig. 
9.  The  image  size  is  256  x  256  pixels  and  the 
intensity  resolution  is  8  bits.  Fig.  10  is  the 
result  from  edge  detection,  linking  and 
thresholding  (on  the  length  of  edges:  pixels). 
The  number  of  edgels  in  the  right  and  left  images 
is  about  1700.  The  edges  in  each  image  is  about 
55.  The  number  attached  to  each  edge  indicates 
its  ordering  index. 

Fig.  11  indicates  the  matched  segments 
(edges).  The  number  attached  to  each  edge  in 
this  figure  still  indicates  its  ordering  index. 
There  were  few  edges  in  Fig.  11  which  were  not 
matched  even  though  the  visual  inspection  indi¬ 
cates  that  they  should  have.  This  can  be  mainly 
attributed  to  the  nonunique  ordering  of  edges  in 
the  two  images.  The  omitted  edges  which  have  the 
same  number  of  maximum  number  of  arcs  are  given 
an  arbitrary  ordering  index  following  a  procedure 
suggested  in  [10].  No  incorrect  matches  were  ob¬ 
served.  We  essentially  captured  the  shape  of  the 
objects  in  both  images  except  for  two  edges  in 
the  left  part  of  the  images  which  were  not 
matched  due  to  the  arbitrary  indexing  of  these 
edge  s . 

AERIAL  VIEW  OF  WHITE  HOUSE 

The  second  image  we  took  is  a  256  x  256  por¬ 
tion  of  the  512  x  512,  8-bit  intensity  resolution 
picture  of  the  White  House  (Fig.  12).  This  is  an 
interesting  image  because  it  contains  buildings 
and  highly  textured  trees.  Fig.  13  is  the  result 
from  edge  detection,  linking  and  thresholding  (on 
the  length  of  edges).  The  number  of  edgels  in 
the  left  and  right  image  is  about  3800.  There 
are  about  140  edges  in  each  image.  As  in  the 
previous  example,  the  number  attached  represents 


Left  Image 


Right  Image 


Fig.  9  Stanford  University  Blocks  Image 
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Fig.  13  Edges 
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Fig.  14  Matched  Edges 


the  ordering  index.  Fig.  14  indicates  the 
matched  segments  (edges).  Although  basic  feature 
elements  have  been  successfully  matched,  the  per¬ 
centage  of  mstched  segments  is  only  25%  of  total 
segments.  This  small  percentage  is  due  to  an  ar¬ 
bitrary  ordering  scheme.  We  consider  the  current 
results  a  preliminary  finding. 


CONCLUSION 

We  have  described  a  stereo  matching  method 
which  provides  optimum  matching  for  edges 
(intervals  between  edges)  in  the  two  stereo 
images.  The  algorithm  requires' only  3UV  computa¬ 


tions  for  edge  matching  and  additional  3TMN  com¬ 
putations  for  matching  edgels  in  between  edges. 
The  method  works  well  for  images  which  have  long 
edges.  The  method  offers  an  efficient  way  for 
stereo  matching. 
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Abstract 

This  is  a  preliminary  report  for  a  system  which  obtains  an 
accurate  determination  of  3-D  surfaces  from  passive  stereo. 
We  present  an  overview  of  the  proposed  system,  which  en¬ 
compasses  aspects  of  Image  Matching,  Depth  Determina¬ 
tion,  and  Interpolation.  In  Image  Matching  a  majoV  source 
of  error  in  the  exact  matching  of  edge  elements  is  the  loss 
of  edgels  near  corners.  A  new  method  is  presented  which 
will  fill  these  gaps  in  a  reasonable  manner.  The  approach 
used  first  marks  the  junctions  in  the  image  with  a  labeling 
which  includes  the  orientation  of  the  associated  edge  gra¬ 
dients.  Next,  those  edges  which  lie  near  the  boundary  of 
blobs  in  the  image  are  checked  and  where  problem  junctions 
occur  (violations  of  an  “at  least  one-in  and  one-out"  rule), 
a  search  is  made  along  the  boundary  of  the  associated  blob 
for  the  best  candidate  to  complete  the  boundary.  Initial 
results  for  the  gap-filling  process  are  shown  for  real  images. 


1  Introduction 

Human  Beings  are  able  to  perceive  depth  in  2-D  “monocu¬ 
lar”  images  and  in  an  enhanced  form  from  the  stereoscopic 
combination  of  a  pair  of  images.  The  process  used  by  the 
Human  Visual  System  to  do  this,  however,  is  not  well  un¬ 
derstood.  Much  research  has  been  devoted  to  the  auto¬ 
matic  abstraction  of  information  about  objects  in  images, 
in  order  to  produce  autonomous  systems  which  are  able 
to  “perceive,”  and  operate  upon  their  environments  and, 
in  some  cases,  to  gain  insight  about  the  operation  of  the 
Human  Visual  System. 

The  major  problem  with  current  stereo  correspondence 
algorithms  such  as  [1,2, 3, 4, 5, 6, 7, 8, 9],  is  that  they  have 
problems  when  dealing  with  added  or  missing  features  due 
to  noise  or  occlusion  in  real  images.  In  addition,  it  is  often 
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difficult  to  determine  in  detail  the  correct  disparity  of  the 
matched  features  in  feature-based  methods  since  the  same 
abstraction  that  allows  a  feature  to  be  represented  also  in¬ 
troduces  some  ambiguity  in  how  to  provide  a  point-by-point 
pairing  of  the  feature  in  one  image  with  its  corresponding 
“fine-structure”  of  the  feature  in  a  second  image. 

The  recovery  of  the  3-D  characteristics  of  a  scene  from 
multiple  images  taken  from  different  points  of  view,  may  be 
viewed  as  consisting  of  the  following  steps  (from  Barnard 
and  Fischler  [10]): 

1.  Image  Acquisition 

2.  Camera  Modeling 

3.  Feature  Acquisition 

4.  Image  Matching 

5.  Depth  Determination 

6.  Interpolation 

We  plan  to  solve  the  Depth  Determination  step  of  this 
process.  In  order  to  do  this  we  will  concentrate  on  the  last 
three  steps,  detecting  and  correcting  errors  in  the  Image 
Matching  step,  performing  a  partial  Depth  Determination , 
followed  by  an  estimation  of  the  object  surfaces  which  will 
allow  the  Interpolation  step  to  re-analyze  the  matching  to 
give  a  final,  accurate,  determination  of  the  depth. 

1.1  Initial  Results  in  Gap-Filling 

We  present,  in  this  paper,  our  initial  results  in  gap-filling  as 
an  initial  step  in  the  correction  of  the  Image  Matching.  In 
our  analysis  of  the  gap-filling,  we  concentrate  on  detecting 
the  gaps  formed  at  corners  since  they  are  a  particularly 
interesting  example  and  the  technique  simplifies  to  handle 
more  general  edges. 

Corner  detection  is  an  important  research  area  in  com¬ 
puter  vision  and  image  processing.  When  complete  curves 
are  present,  the  task  is  the  determination  of  which  point  or 
points  form  the  corner  and  finding  its  radius  of  curvature. 
Various  corner  detectors  of  this  sort  have  been  developed 
and  are  reported  in  [11,12,13]- 


A  problem  occurs  when  the  curve  is  fragmented  due 
either  to  the  assumptions  made  by  the  underlying  edge  de¬ 
tection  or  to  a  low  edge  contrast.  The  former  rnay  be  im¬ 
proved  by  better  edge  detection  algorithms,  but  the  latter 
remains  as  a  source  of  gaps  in  the  curves  which  are  often 
accentuated  at  the  corners  due  to  the  interaction  of  two  (or 
more)  edges.  Processing  the  intensity  images  in  Figure  1 
yields  several  examples  of  such  lost  corners,  these  are  shown 
in  Figure  2.  When  a  complete  curve  is  not  available,  some 
method  must  be  introduced  to  lill-in  the  missing  points. 
One  example  of  this  approach  is  [14],  in  which  Nevatia 
and  Huertas  use  knowledge  of  the  scene  domain  to  pre¬ 
dict  the  expected  corner  and  then  use  shadows  to  confirm 
their  hypothesis.  Their  hypotheses  assume  approximately 
orthogonal  L-  or  T-junctions.  While  this  is  useful  for  some 
domains  like  building  detection  in  aerial  images,  it  does 
not  take  into  account  non-parallelepiped  structures  such  as 
those  in  Figure  1  (a).  We  propose  to  combine  the  informa¬ 
tion  extracted  from  the  iriginal  intensity  images  via  both 
feature-  and  area-based  approaches. 

2  System  description 

Wji  '  -•••'ll*  J  u  a* s  i  LaUfe-L-wed  appro**  .du 

desire  is  for  an  accurate  system.  The  feature-based  meth¬ 
ods  give  us  the  potential  for  snb-t.ixel  accuracy  rurto- 

sponding  points  which  in  turn  gives  us  a  better  triangulated 
range.  The  major  problems  with  these  methods  are: 

1.  Missing  and  Extra  features, 

2.  Mismatched  features, 

3.  Unmatched  features,  and 

4.  Sparsity  of  data. 

Accuracy  in  a  two  camera  system  is  best  along  edges 
perpendicular  to  a  plane  through  the  baseline  between  the 
cameras.  This  is  because  the  epipolar  geometry  provides 
an  additional  source  of  information  which  is  lacking  when 
the  corresponding  points  are  contained  in  such  an  epipolar 
plane.  Thus  not  all  point  correspondences  are  equally  good. 

We  plan  to  augment  a  feature-based  method  developed 
by  Medioni  and  Nevatia  [4]  to  detect  and  correct  all  of  these 
problems.  Mismatches  will  be  identified  and  corrected  by 
extending  the  work  of  Mohan  [6]  from  edgels  to  contours. 
Missing  edges  and  gaps  will  be  filled  by  a  modified  form  of 
model  matching  after  Falk  [15],  Shirai  [16,17]  and  Shapira 
and  Freeman  [  18] ,  along  with  a  newly  developed  join  la¬ 
beling  scheme  and  the  gap-filling  (both  described  in  this 
paper).  Surfaces  will  be  located  by  analysis  of  contour  and 
surface  marking  edges  to  define  a  dense  matching. 

We  present  below,  an  overview  of  our  proposed  system 
for  the  detection  and  correction  of  stereo-correspondence 
errors  that: 


1.  Integrates  two-  and  three-dimensional  continuity. 

2.  Hypothesizes  corrections  to  the  observed  image  fea¬ 
tures. 

3.  Performs  exact  matching  of  the  features  at  the  pixel 
(or  subpixel)  level  to  determine  disparity  where  possi¬ 
ble  and  marks  those  places  where  disparity  cannot  be 

determined  without  inferring  the  underlying  geome¬ 
try  of  the  object  or  objects  making  up  the  scene. 

4.  Hypothesizes  faces  or  surfaces  in  three  dimensions 
consistent  with  the  observed  and  matched  features. 

5.  Propagates  disparity  across  those  features  whose  dis¬ 
parity  could  not  be  found  in  the  third  step  above, 
guided  by  the  hypothesized  surfaces. 

We  use  the  hypothesize-and-test  paradigm  in  three  dif¬ 
ferent  areas  to  detect  and  correct  errors  in  matching,  to 
locate  Iraturi'S,  -r.d  to  build  object  tui  faces.  VVIisti 

possible,  each  hypothesis  is  verified  and  the  matching  is  cor¬ 
rected  by  using  the  connectivity  and  geometry  of  the  3-D 
scene  being  constructed.  High  confidence  matches  are  ini- 
"Inlly  accepted  Valid  hypotheses  and  disparities  assigned. 
Where  a  hypothesis  cannot  be  verified,  it  is  carried  forward 
in  the  analysis.  In  the  event,  that  a  hyputVaia  ccr.nct  b® 
verified  within  the  scope  of  our  analysis  (for  instance,  some 
perceived  edges  may  be  missed)  it  becomes  part  of  the  anal- 
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of  an  unresolved  problem. 

We  assert  that  typical  errors  in  passive  feature-based 
stereo-correspondence,  such  as  those  listed  at  the  beginning 
of  this  section,  may  be  corrected  by  the  reprocessing  of  the 
matched  features  in  two  or  more  images.  Also,  that  in 
order  to  assign  disparity,  the  matching  between  features 
must  be  extended  to  its  component  parts  which  cannot  be 
completely  accomplished  without  first  inferring  the  object 
surface  that  generated  these  features. 

The  initial  stereo  matching  allows  us  to  investigate  the 
monocular  continuity  of  lines  in  one  image  relative  to  the 
other.  Inconsistencies  indicate  errors  in  either  the  feature 
extraction  or  in  the  matching.  Such  errors  are  usually 
caused  by  noise  or  occlusion:  but  sometimes  are  due  to 
a  missing  line  whose  existence  must  be  hypothesized  from 
the  image  data  and  knowledge  about  the  world.  (These 
later  sources  of  error  are  called  perceived  edges.)  During 
this  phase  we  seek  to  directly  correct  as  many  errors  as 
possible  and  attempt  to  detect  the  rest,  although  some 
errors  may  not  be  detectable  at  this  stage.  The  detected 
inconsistences  which  cannot  be  corrected  generate  hypothe¬ 
ses  which  are  used  as  markers  to  guide  the  application  of 
information  gathered  during  the  subsequent  processing. 

The  ultimate  goal  of  this  system  will  be  to  provide  an 
accurate  and  robust  stereo  matcher  that  correctly  matches 
a  set  of  features  in  an  image  pair.  In  addition  we  will  be 
able  to  provide  a  dense  disparity  map  for  the  scene  which  is 


consistent  with  the  observed  features  and  that  is  produced 
using  passive  imaging  techniques.  A  list  of  unresolved  hy¬ 
pothesis/problem  entries  will  serve  to  alert  higher-level  pro¬ 
cesses  of  problems  with  the  interpretation  which  may  need 
the  application  of  more  scene  specific  knowledge  such  as 
assumptions  of  object  type  to  be  resolved.  In  addition,  fea¬ 
ture  abstraction,  labeling  and  matching  information  will  be 
available  so  that  it  will  be  possible  to  feed  back  informa¬ 
tion  to  the  system  or  for  it  to  serve  as  additional  input  to 
the  high-level  processing.  We  view  the  proposed  system  as 
being  an  important  link  between  existing  low  and  medium 
level  feature  extraction  systems  and  higher  level  systems 
such  as  ACRONYM  [19]  or  as  an  additional  channel  for  sys¬ 
tems  like  MOSAIC  [20]. 

2.1  Choice  of  Primitives 

As  part  of  our  overall  strategy  we  will  be  using  the  following 
features  to  extract  accurate  stereo  correspondences  between 
points  in  a  pair  of  passively  acquired  intensity  images.  The 
purpose  of  this  paper  is  to  show  how  the  missing  corners 
may  be  found.  We  are  especially  interested  in  junctions 
into  which  there  are  no  edges  entering  or  from  which  there 
are  no  edges  exiting.  The  most  common  such  junction  is 
the  E-junction  which  represents  the  endpoint  of  an  isolated 
curve  or  segment. 

The  problem  that  we  wish  to  solve  is  that  of  finding 
an  accurate  representation  for  the  visible  surfaces  of  a 
set  of  objects  in  a  scene,  by  the  analysis  of  a  pair  of  stereo 
intensity  images  of  that  scene  taken  by  two  cameras  a  small 
distance  apart.  Therefore  we  use  feature-based  methods, 
since  they  provide  better  accuracy  by  matching  features 
which  may  be  found  to  sub-pixel  precision.  The  feature 
primitives  that  we  will  use  are  edgels,  segments,  junctions, 
regions,  and  blobs.  We  choose  these  features  because  they 
are  indicative  of  intensity  discontinuities  which,  typically, 
occur  only  at  object  boundaries,  at  surface  discontinuities 
and  across  surface  markings  (eg.  in  textured  regions). 

EDGELS  are  the  fundamental  feature  that  we  use. 
They  represent  the  location  and  orientation  of  a  zero-cros¬ 
sing  of  the  second  derivative  of  the  intensity  image,  located 
to  pixel  or  sub-pixel  accuracy.  Their  orientation  is  perpen¬ 
dicular  to  the  direction  of  the  maximum  change  in  intensity 
such  that  the  lighter  side  is  to  the  right.  They  will  serve  as 
the  source  of  our  mosi,  accurate  information  about  the  posi¬ 
tion  of  interesting  points.  We  divide  the  edgels  by  two  clas¬ 
sifications  into  four  groups:  the  stronger  and  the  weaker, 
based  on  (1)  their  strongest  response  to  an  edge  mask  and 
(2)  their  alignment  with  respect  to  nearby  strong  edgels; 
and  vertical  — vs —  horizontal,  based  on  their  alignment 
with  respect  to  the  epipolar  rays. 

CURVES  represent  connected  sequences  of  edgels. 
They  provide  an  ordered  progression  through  the  image  and 
may  be  used  to  propagate  (both  monocular  and  stereo)  rela¬ 
tionships  through  the  image,  subject  to  the  restriction  that 


they  may  (1)  have  some  non-invariant  shifts,  e.g.  specular 
edges  shift  with  even  small  changes  in  viewpoint;  (2)  wan¬ 
der  from  one  object  to  another  which  is  adjacent  in  2-D  but 
not  necessarily  in  3-D. 

LINEAR  SEGMENTS  are  a  further  abstraction  of 
the  edgels  and  represent  straight  or  nearly  straight  sequences 
of  them.  These  are  the  most  useful  features  for  stereo 
matching  because  they  are  simple  and  closely  match  the  im¬ 
portant  edges  in  the  scene.  However,  their  accuracy  is  not 
very  good  and  they  should  not  be  used  for  depth  determi¬ 
nation.  Segments  may  be  labeled  as  being  on  the  boundary 
or  in  the  interior  of  a  blob  (see  below). 

JUNCTIONS  (or  JOINS)  are  the  edgels  at  the  inter¬ 
section  of  curves  and/or  linear  segments.  They  are  used 
to  indicate  points  at  which  matching  may  be  propagated 
due  to  continuity.  In  addition,  some  join  types  are  very  un¬ 
likely.  These  unlikely  joins  will  be  used  to  suggest  possible 
problem  areas  such  as  those  places  where  segments  were 
missed.  We  use  a  labeling  scheme  in  which  we  retain  a  list 
of  properties  at  each  junction.  These  properties  include: 

•  The  total  number  of  intensity  edges  entering  or  leav¬ 
ing  the  junction  (the  minimum  is  1,  the  maximum 
used  is  3). 

•  The  number  of  intensity  edges  entering  the  junction, 
and  hence  (along  with  the  total  edges  count)  the  num¬ 
ber  leaving. 

•  The  junction  type  —  in  the  traditional  L,  T,  Y, 
W  sense,  to  which  we  add  S  for  nearly  straight  se¬ 
quences,  E  for  lone  endpoints,  and  X  for  junctions 
composed  of  more  than  three  edges. 

•  The  arrangement  of  the  junction  in  terms  of  the  gen¬ 
eral  angle  between  the  edges.  We  use  the  values: 

A  Acute 

L  Square  (approximately) 

O  Obtuse 

S  Straight  (approximately) 

REGIONS  are  another  way  of  viewing  the  intensity 
discontinuities.  We  will  use  them  to  help  with  gap  fill¬ 
ing  and  with  grouping  together  features  which  form  the 
members  of  object  faces.  We  locate  regions  by  recursively 
splitting  an  image  using  a  threshold  defined  by  histogram 
after  [2l].  Associated  with  the  regions  are  simple  attributes 
such  as  area,  perimeter,  average-intensity,  and  orientation 
as  well  as  higher-order  attributes  such  as  perimeter2 / area 
and  the  s.d.  of  intensity. 

BLOBS  are  a  subset  of  the  regions  which  meet  the  fol¬ 
lowing  set  of  criteria.  These  criteria  are  designed  to  admit 
only  the  semantically  meaningful  regions  while  excluding 
the  rest. 
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1.  The  regions  must  have  no  descendant.  That  is,  it 
must  be  a  leaf-node  in  the  1  rchical  tree  of  regions. 

2.  Its  area  must  be  greater  t  ;ne  minimum. 

3.  The  region  must  be  compact. 

However,  we  desire  to  accept  and  work  with  real  world 
scenes  and  therefore  we  do  not  assume  that  our  data  is  per¬ 
fect,  rather,  we  expect  missing  and  extra  edges  and  junc¬ 
tions  due  to  noise  and  conditions  that  we  assume  do  not 
exist  in  our  analysis  but  which  do  occasionally  occur  and 
produce  errors  during  the  low-level  and  preprocessing  steps. 
We  feel  that  a  realistic  system  must  be  prepared  to  detect 
and  correct  such  errors  while  at  the  same  time  choosing 
heuristics  which  generally  serve  to  quickly  and  accurately 
determine  the  components  of  the  scene. 

During  the  2-D  processing  we  use  both  of  a  pair  of 
stereo  images:  where  at  first,  one  is  considered  to  be  our 
monocular  image  while  the  second  acts  as  a  model,  and  then 
they  swap  roles.  An  initial  mapping  between  the  image  and 
the  model  is  provided  by  a  stereo  matcher  [4]  that  provides 
a  list  of  likely  matches  between  the  segments  in  the  two 
images. 

2.1.1  Join  Labeling 

The  following  are  the  rules  that  our  system  uses  to  label 
joins.  The  type  of  join  is  determined  by  the  number  and 
orientation  of  the  lines  which  form  it,  while  the  subscript 
in  our  nomenclature  gives  the  number  of  those  (intensity) 
oriented  segments  entering  the  join.  The  superscript  in¬ 
dicates  the  specific  join  from  the  variations  possible  under 
our  “ALOS”  model.  Each  such  variation  is  unique  in  terms 
of  rotation  and  reflection  from  any  other  variation.  The 
variations  show  the  combinations  of  acute  (A),  right  (L), 
obtuse  (O)  and  straight  (S)  angles  combined  with  the  rel¬ 
ative  line  orientations.  This  alternate  labeling  scheme  will 
be  used  to  provide  an  additional  measure  of  similarity  be¬ 
tween  junctions,  in  which  the  angles  between  the  segments 
changes  between  the  two  viewpoints.  This  will  be  described 
in  more  detail  in  Section  2.2.2.  The  angles  are  termed  right 
if  they  are  within  L-Thrcshold  of  90°,  and  straight  if  they 
are  within  S-Thrcshold  of  180°. 

1.  ‘E’-junctions  represent  the  endpoints  of  segments  that 
do  not  form  a  join. 

2.  Joins  of  exactly  2  segments  are  labeled  as  one  of  the 
following  two  types: 

(a)  L-junclions  are  those  joins  between  exactly  two 
segments  which  form  an  angle  which  is  not  con¬ 
sidered  straight. 


(b)  The  remaining  joins  are  considered  present  only 
for  the  linearization  of  curves  to  simplify  anal¬ 
ysis  (e.g.  knot  points).  For  labeling  purposes, 
the  joins  are  marked  as  S-junctions  indicating 
that  they  are,  in  some  sense,  straighter  than  L- 
junctions. 

3.  Joins  of  exactly  3  segments  are  labeled  as  one  of  the 
following  types: 

(a)  T-junctions  if  one  pair  of  segments  form  a 
straight  angle. 

(b)  Y-junction  if  all  clockwise  angles  between  pairs 
are  less  than  180°—  S-Thrcshold. 

(c)  W-junction  if  one  clockwise  angle  between  pairs 
is  greater  than  180°—  S-Thrcshold. 

4.  Joins  of  higher  order  (i.e.,  composed  of  more  seg¬ 
ments)  than  3  are  labeled  as  multi-  or  X-junctions  and 
will  be  further  expanded  only  if  junctions  of  this  type 
occur  often  enough  to  make  this  extension  worth¬ 
while. 

Junction  Catalog  Figure  3  shows  all  possible  first,  sec¬ 
ond  and  third  order  joins.  Some  of  these  are  very  un¬ 
likely  because  they  require  a  smooth,  low  spatial  frequency, 
change  in  intensity  locally  about  the  join,  in  violation  of  the 
generality  assumption,  those  which  are  considered  likely  are 
labeled  as  “complete.”  The  unlikely  cases  can  be  used  to 
support  the  hypothesis  of,  or  a  search  for,  a  more  likely 
(complete)  join  type.  For  instance,  if  a  join  of  type  L\  were 
found  then  it  would  support  the  hypothesis  that  one  of  Y^0, 
Wfcde,  or  perhaps  one  of  T£c  may  actually  be  present.  We 
submit  that  a  corollary  of  the  generality  constraint  is  that 
for  a  join  formed  by  the  meeting  of  lines  corresponding  to 
intensity  gradients  in  the  image,  at  least  one  segment  must 
enter  the  join  and  one  segment  must  exit  the  join. 

2.2  2-D  Processing 

During  the  2-D  processing  phase  of  our  system  we  integrate 
and  organize  the  information  supplied  by  the  preprocessing 
routines  above.  Segment  match  information,  along  with 
the  continuity  between  adjacent  segments  and  the  proxim¬ 
ity  of  other  features,  are  used  to  detect  and  correct  some 
of  the  matching  errors  produced  during  the  preprocessing. 
In  some  cases  a  problem  may  be  detected  but  the  correc¬ 
tion  cannot  be  determined.  We  retain  this  information  by 
adding  one  or  more  problem/hypothesis  entries  to  the  list 
of  unresolved  hypotheses. 

2.2.1  Continuity  Analysis 

The  set  of  connected  joins  may  be  used  to  propagate 
marches  ^indicated  by  a  &■*)  inrough  rhe  image.  If  we 
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assume  that  the  disparity  changes  smoothly  over  each  line, 
then  if  there  are  a  few  incorrectly  matched  points  along 
the  line,  they  may  be  corrected  by  setting  them  to  values 
interpolated  along  the  line  [6].  This  process  may  then  be  ex¬ 
tended  by  allowing  the  values  to  propagate  along  connected 
indicated  by  a  “'\>”)  lines  whether  or  not  they  have  been 
matched,  except  that  no  information  may  be  propagated 
through  the  “stem”  portion  of  the  ‘T’-junctions.  Also,  the 
goodness  of  the  match  varies  with  the  orientation  of  the 
iliivi5  relative  to  the  Leal  ypipelw  plaice). 

For  instance,  if  we  have  two  matched  curves  Gi  Cr, 
as  shown  in  Figure  4,  we  may  hypothesize  that  Ai  Ar, 
Bi  Br,  Di  <4-  Dr,  and  Ei  Er. 

I  correct  matches  may  also  be  detected  by  continuity. 
Figure  5  shows  a  case  of  a  bad  match  Bi  Cr,  where 
At  Ar  are  matched  and  Br  is  unmatched.  Here,  the  con¬ 
nectivity  of  At  Bi  and  Ar  Br  along  with  the  matching 
above  implies  that  the  Bt  <=>•  Cr  match  should  be  broken 
and  replaced  by  a  hypothesized  Bi  Br  match.  In  the 
case  where  connectivity  alone  does  not  allow  a  choice  of 
which  matches  to  prefer,  then  the  “goodness”  of  the  match 
may  be  used  to  resolve  the  tie. 

2.2.2  Hypothesis  Formation 

The  rules  for  Hypotheses  formation  based  on  join  labeling 
are: 

1.  Th-Tv.  hs  Jways  al  Last  .m.  Jir.c  ei.twk.g  13 

a  junction.  This  comes  from  the  assumption  that  no 
chance  alignment  occurs,  and  allows  us  to  hypothesize 
in  many  cases  the  existence  and  approximate  orienta¬ 
tion  of  additional  edges  that  were  missed  during  the 
feature  octracti,  n.  Ufl«i  these  hypotheces  wUi  lslee 
serve  as  the  guides  for  the  Gap-Filling  process. 

2.  Matched  junctions  have  the  same  number  of  incom¬ 
ing  and  outgoing  edges.  This  rule  is  weaker,  but  we 
are  assuming  acute-angle  stereo  which  the  baseline 
is  much  shorter  than  the  range  to  the  scene.  In  this 
scenario,  the  vertices  generate  similar  junctions  in  the 
image  planes  and  with  the  small  changes  that  can  oc¬ 
cur.  Figure  6  shows  a  graph  of  transitions  between 
junction  types. 

This  allows  us  to  hypothesize  the  most  likely  match¬ 
ing  junction  as  well  as  less  acceptable  alternatives 
should  other  evidence  support  an  alternative  match. 
These  hypotheses  when  combined  with  the  continu¬ 
ity  and  the  partial  match  data  will  allow  us  to  correct 
most  of  the  errors  which  occur  during  the  matching 
phase.  Table  1  Eives  the  distance  between  the  junc¬ 
tion  typos  shown  in  Figure  6,  assuming  a  unit  cost 
for  each  transition.  A  cost  of  0-2  is  reasonable,  but 
Mg^rer  esste  imply  in  w  liMy  tnttH 


For  each  incomplete  junction,  the  component  lines  are 
extended  along  their  orientation,  and  along  any  associated 
region,  for  a  set  length  and  a  search  is  made  within  an  asso¬ 
ciated  sweep  angle.  Both  of  these  parameters  are  calculated 
locally  based  on  the  length  and  orientation  of  the  individual 
segments  and  the  strength  or  the  region  boundaries. 

2.3  Gap  Filling 

litjr;.  Flut  pjMittfy  WqilirJ'd  isiLPnhit)!  iiriWfos  we  extract,  the 
edge  points  and  organize  them  into  linear  segments.  At  the 
same  time  we  extract  the  hierarchical  tree  of  regions. 

In  the  actual  system  the  linear  segments  in  a  pair  of 
stereo  images  are  matched  and  the  match  data  is  checked 
by  using  the  continuity  in  one  or  both  images.  When  cor¬ 
ners  are  lost,  it  is  often  the  case  that  the  corner  is  lost  iri 
both  of  the  images,  so  we  will  consider  only  the  monocular 
application  at  this  time,  since  continuity  will  serve  to  fill 
the  gap  when  only  one  of  the  stereo  images  contains  a  gap. 

For  each  likely  endpoint  we  will  look  for  the  nearest  blob 
boundary  point  and  follow  the  contour  of  that  region  until 
we  locate  an  acceptable  continuation  segment/curve.  Then 
we  must  determine  the  exact  path  of  the  corner. 

2.3.1  Initial  Processing 

We  first  apply  a  feature-  and  an  area-based  operator  to 
the  intensity  image.  The  feature-based  operator  extracts 
Ihe  edges  f?~m  ifie  fmrtgs,  Mm  it.  #*.J  li  Pt  Hu?'*  uuiiin  ilm 
technique  developed  by  Nevatia  and  Babu  [22].  This  pro¬ 
cess  yields  both  the  edgels  linked  together  to  form  curves, 
and  the  linear  segments  abstracted  Lola  these  ouives.  The 
second  operator  extracts  a  hierarchical  tree  of  regions  us- 
h-g  tlw  e’lltiJ  llei'-Hrkf'-krv'  Jjr  nlgc  rillt'ii  [f  1]  Km.ce  wn  jjre 
interested  in  regions  that  are  as  compact  and  convex  as 
possible,  we  further  process  the  regions  filtering  out  any 
regions  with  an  area  smaller  than  100  or  with  a  value  of 
perimeter2/ area  >  30  to  obtain  the  desired  regions,  which 
we  now  term  “blobs.” 

2.3.2  Associating  Segments  with  Blobs 

Next  each  segment  is  potentially  associated  with  a  blob  by 
searching  a  square  window  of  half  width  vti  about  each  of 
the  segments  component  edgels  (see  Figure  7. 

A  count  of  the  edgels  within  the  search  area  is  main¬ 
tained  by  blob-id  and  v  heth  th  ,  . . , > ^ i j  ofi  tire  hortridft^y 
or  in  the  interior  of  the  blob.  The  points  on  the  boundary 
are  weighted  with  a  value  of  2.5w,  which  is  the  relative  im¬ 
portance  of  a  boundary  point,  to  an  interior  point  in  the 
window.  The  total  weighted  points  are  summed  and  the 
segment  is  assigned  adaceificalmn  by  Uw>  perccuugft ;.( t  he 
points  in  each  category.  The  following  is  a  typical  classifi¬ 
cation  which  indicates  that  it  is  very  likely  that  the  poin  is 
along  the  boundary  of  blob)  14  but  stTouid  also  be  consuLi  cd 
when  working  with  blob  11. 
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(: CLASSIFICATION 

(: BOUNDARY  14  0.46) 

(: BOUNDARY  11  0.29) 

(: INTERIOR  14  0.15) 

(•.INTERIOR  11  0.10)) 

2.3.3  Locating  the  Endpoints  of  a  Gap 

A  search  is  made  near  the  endpoint  of  a  selected  segment 
and  a  boundary  point  is  selected.  The  boundary  is  followed 
in  the  direction  indicated  by  the  type  of  junction  and  the 
gradient  across  the  region  boundary.  An  endpoint  of  type 
E!  (where  the  subscript  indicates  the  number  of  incoming 
edges)  indicates  that  the  search  should  check  for  an  outgo¬ 
ing  edge  while  following  the  boundary.  For  instance,  for  a 
region  with  a  light  interior  the  search  would  be  clockwise 
around  the  region.  Figure  8  shows  the  search  region  along 
the  boundary  of  some  example  regions. 

As  with  the  classification  of  segments  above,  we  use  a 
window  of  half-width  w  and  search  for  a  compatible  seg¬ 
ment  in  the  border-set  of  the  region.  For  the  Ei  junction 
example  above,  we  would  desire  an  E0,  S  (to  form  a  T- 
junction),  or  any  other  junction  which  needs  or  will  accept 
an  incoming  intensity  edge. 

2.3.4  Determination  of  the  Corner 

Now  that  the  endpoints  of  the  missing  corner  have  been 
located,  as  well  as  the  associated  section  of  the  blob  bound¬ 
ary.  We  must  determine  the  specific  path  of  the  corner.  For 
monocular  images  this  may  be  done  by: 

1.  Extending  the  chosen  curves  until  they  intersect,  for 
a  pair  of  curves  that  are  approximately  orthogonal, 
or 

2.  Following  the  smoothed  contour  of  the  blob  at  the 
distance  (l  —  t)  d\  +  t  c/2  from  the  boundary,  where  t 
varies  from  0  to  1  along  the  gap,  and  d,-  is  the  distance 
of  the  endpoints  from  the  blob. 

For  stereo  images,  there  is  an  additional  constraint  of 
desiring  a  smooth  transition  on  the  assumption  that  the 
gap  being  filled  represents  a  continuous  contour  of  an  object 
face  [23,6]. 

2.3.5  Results 

Figure  9  shows  some  of  the  strong  segments  in  each  of  the 
images.  The  segments  marked  as  being  very  likely  on  the 
boarder  of  the  center  blob  are  shown  with  darker  edgels  (the 
circles  mark  the  direction  of  the  edge  in  the  manner  of  an 
arrowhead).  Figure  10  shows  the  application  of  this  process 
to  a  gap  in  each  of  these  three  different  domains.  Note 
that  in  Figure  10  (a  the  search  rejected  a  possible  segment 
because  it  could  not  form  a  reasonable  junction,  and  in 
(c)  the  vertical  segment  boarding  the  nearby  region  was 


rejected  in  preference  of  a  better  candidate  above,  because 
the  nearby  segment  was  more  likely  part  of  another  blob. 

In  combination  with  continuity  checking  [24,3],  filling 
the  gaps  by  combining  information  obtained  from  multiple 
sources  can  help  to  improve  the  matching  of  contour  edges. 
This,  in  turn  will  allows  the  detection  and  correction  of 
errors  in  stereo  matching.  The  improvement  in  exact  edgel 
matching  is  an  important  part  of  accurately  determining 
the  depth  of  points  in  3-D. 

2.4  3-D  Processing 

During  this  phase  of  the  processing  we  plan  to  use  the 
feature  primitives  along  with  their  2-D  matching  and  the 
camera  model  to  generate  a  set  of  points  in  3-D.  The  first 
sub-task  is  to  generate  the  detailed  matching  (at  the  pixel 
or  sub-pixel  level)  of  the  matched  features.  As  discussed 
below,  we  will  not  be  able  to  generate  all  of  the  matches 
initially.  Next  we  will  cluster  the  points  representing  fea¬ 
tures  that  seem  to  be  associated  with  individual  object  faces 
and  once  surfaces  have  been  determined,  they  will  be  used 
to  find  the  remaining  edgel  matches.  In  addition,  refine¬ 
ments  will  be  made  at  this  to  correct  for  distortion  caused 
by  vertically  oriented  limb  edges. 

2.4.1  Exact  Edgel  Matching 

Horizontal  disparities  carry  information  about  the  local 
depth  variations,  while  vertical  disparities  (because  they 
are  insensitive  to  depth)  can  be  used  to  extract  the  viewing 
system  parameters  of  angle  of  gaze  and  viewing  distance 
without  requiring  stronger  assumptions  about  the  nature 
of  the  system  from  which  they  originate. 

Currently  edges  are  extracted  at  approximately  pixel 
precision,  that  is,  each  edge  point  is  accurately  positioned 
to  within  —pixel  of  its  actual  location.  The  line  segments 
that  represent  approximately  linear  runs  of  edgels  vary  from 
the  assigned  edgel  locations  by  at  most  a  specified  maxi¬ 
mum.  We  value  long  reasonably  straight  runs  of  edgels  as 
a  useful  feature  for  stereo  matching  hut  the  errors  associ¬ 
ated  with  these  features  are  to  great  for  the  derivation  of 
accurate  3-D  data.  To  get  the  accuracy  that  we  need  we 
first  note  that  when  we  match  segments  we  are  only  using 
the  segments  as  a  useful  approximation  to  a  linear  run  of 
edgels  so  it  is  the  edgels  that  we  want  to  match.  However, 
the  edgels  have  an  error  also.  Research  is  being  done  at 
USC  by  Huertas,  Medioni,  Chen,  and  Ulupinar  [25,26]  to 
obtain  edgels  to  sub-pixel  precision  and  we  plan  to  use  this 
technology  as  it  becomes  available.  In  the  meantime  we 
will  simulate  this  by  fitting  a  D-spline  curve  locally  to  the 
edgels  to  guarantee  that  we  have  a  C\  smooth  curve  in  3-D 
when  we  match  the  curves. 

However  we  must  also  consider  those  cases  where  we 
cannot  assign  a  disparity  at  all  because  the  edge  is  horizon¬ 
tal  with  lUspeiA  to  tile  epipolai  plane.  Such  fcugtS  tcOiliut  Ue 
assigned  a  disparity  because  stereo  correspondence  is  based 


on  the  assumption  that  we  have  a  single  point  correspon¬ 
dence  in  the  epipolar-plane.  But  in  the  special  case  where 
the  edge  is  in  the  epipolar-plane  we  will  have  many  such 
points.  There  are  only  two  ways  that  we  can  assign  dispar¬ 
ity.  The  first  is  that  we  assume  a  linear  fit  and  we  match 
points  in  the  ratio  of  their  lengths.  For  some  scene  domains 
[2,27],  we  may  do  this  but  there  still  remains  the  pi  blem 
of  missing  edges  or  extra  ones  due  to  noise.  If  we  do  not 
know  the  endpoints  then  we  may  not  match  the  points  at 
all. 

In  scenes  which  contain  curved  objects,  this  method  will 
not  work  because  the  matching  relationship  between  the 
points  on  the  two  segments  is  nonliner.  In  fact  when  a 
curve  is  terminated  by  a  limb  (self  occhi"  }  contours,  such 
as  the  top  or  bottom  of  an  upright  cylino  ,  we  do  not  Knov 
the  correct  end  points.  For  a  method  to  work  with  all  such 
scenes  then,  we  need  a  more  general  approach. 

2.4.2  Grouping  Segments  in  3-D 

The  one  that  we  propose  to  use  is  to  hypothesize  a  surface 
which: 

1.  Matches  the  vertical  segments. 

2.  Does  not  disagree  with  other  hypothesized  surfaces. 

3.  As  much  ti.'j  possible,  with  non-perfect  data,  incorpo¬ 
rates  the  observations  of  Lowe  and  Binford  [23]. 

This  surface  may  then  be  used  to  propagate  the  known 
disparities  at  reliable  contours  along  the  horizontal  con¬ 
tours,  and  along  areas  where  the  feature  extraction  and/or 
the  matching  was  incomplete.  In  addition  this  surface  serves 
as  a  hypothesis  of  a  dense  disparity  map  which  is  consistent 
with  the  observed  images. 

2.4.3  Edge  Analysis  and  Vertex  Detec  tion 

Once  we  have  found  the  surfaces  making  up  the  faces  of 
the  objects  in  the  scene,  we  want  to  use  those  surfaces  to 
verify  the  the  edgel  matching  which  was  given  a  low  weight 
(such  as  those  along  horizontal  edges).  Also,  during  this 
sub-task,  we  label  the  edges  and  vertices.  To  do  this  the 
hi'tfc*pccUc.,iS  of  wljaeebrt  „bj3tf  faaas  ealeuhttftd  nr 
adjustments  to  the  surfaces  may  be  necessary  to  preserve 
the  location  of  high-confidence  points  such  as  well  defined 
vertices.  Once  all  of  the  surfaces  have  been  found,  the  wire 
frame  is  re-analyzed  to  determine  the  edgel  matching  along 
horizontal  edges  in  the  scene,  which  could  not  be  given  a 
good  match  disparity  prior  to  the  surface  generation.  The 
contours  and  vertices  of  the  objects  in  the  scene  are  labeled 
for  use  by  higher-level  processes. 


2.4.4  Error  Analysis 

In  order  to  verify  the  accuracy  of  the  system,  and  to  help 
with  its  debugging,  we  plan  to  gather  scene  data  using  a 
new,  active  ranging  system,  developed  by  Jezouin  at  USC 
[28],  which  uses  a  pair  of  CCD  cameras  and  a  laser  to  find 
the  distance  from  the  left  camera  to  the  objects  in  the  scene. 
The  ranging  system  is  expected  to  give  ranges  with  the 
same  2-D  resolution  as  the  CCD  cameras.  In  addition,  the 
new  ranging  system  provides  a  camera  model  which  will  be 
used  to  register  the  images.  The  laser  is  equipped  with  a 
servo-  and  galvo-controlled  pair  of  mirrors  which  generates 
a  plane  of  light  which  may  be  swept  across  a  scene.  The 
intersection  of  the  light-plane  with  the  objects  in  tbfe  seem 
is  reflected  as  a  thin  vertical  line  across  uhe  faces  of  the 
objects  in  the  scene. 

This  active  system  will  generate  a  ground-truth  for  the 
scene  that  will  be  used  during  the  error  analysis  to  provide 
a  quantitative  analysis  of  how  accurately  we  are  able  to 
determine  object  surfaces  from  the  passive  data  alone. 

3  Future  Research 

We  are  working  toward  a  passive  stereo  image-processing 
system  which  extracts  surfaces  from  matched  features.  In¬ 
variant  features  such  as  edges  and  corners  are  extracted 
from  monocular  images.  Edges  are  found  using  the  Nevatia- 
Babu  Linear  Feature  Extractor  [22]  and  matched  using  the 
Medioni  Segment  Matcher  [4].  The  resulting  segment 
matches  contain  matching  errors  and  the  extracted  features 
do  not  allow  for  the  trivial  extraction  of  disparity  from  the 
correct  matches.  This  system  will,  therefore,  post-process 
the  matched  segments  using  continuity  and  regional  context 
(such  as  the  gap-filling  described  in  this  paper)  to  detect 
and  correct  matching  errors.  Junctions,  found  by  analysis 
of  segment  joins  and  endpoints  wm  b>5  matched  using  the 
segment  matches  and  continuity  in  the  pail  el  images.  Hy¬ 
potheses  are  formed  about  missing  and  erroneous  lines  and 
junctions  which  will  be  acted  upon  if  verified  during  later 
processing. 

To  r.ccurately  match  edgels  in  order  to  reduce  ranging 
error  as  well  as  remove  artificial  jaggedness  in  depth,  we 
feel  that  it  is  necessary  to  postulate  the  surfaces  of  the 

•i  J„:/  g  . .  •  1 .  v  ji.j  1  ' 

of  that  scene.  Therefore,  surfaces  Will  be  lit  to  vertical 
,ines.  This  last  stage  will  be  performed  in  two  steps,  first 
to  obtain  an  approximate  surface  sketch,  which  will  be  used 
to  determine  the  location  of  limb  edges  and  to  propagate 
disparity  information  across  the  horizontal  lines 

The  principle  contributions  that  are  or  will  be  made  by 
this  system  are: 

1.  The  use  of  stereo  matching  to  drive  monocular  image 
processing. 

2.  A  new  classification  of  intensity  junctions  which  pro¬ 
vides  an  additional  monocular  cue  to  junction  valid- 
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ity. 

3.  A  solution  to  the  contrast-reversal  problem. 

4.  A  dense  representation  using  passive  techniques  with¬ 
out  making  any  “ flat-surface ”  assumption. 

5.  Develop  a  2|-D  sketch  with  curved  surface-Datches  fit 
to  an  extended  wire-frame  model  of  the  scene. 

Progress  has  already  been  rrade  on  the  first  three  of  the 
above  goals.  In  addition,  in  order  to  demonstrate  our  asser¬ 
tion  that  an  accurate  3-D  representation  may  be  acquired 
through  passive  stereo  we  will  obtain  an  actively-acquired 
set  of  range  data  which  is  registered  with  the  passively- 
acquired  intensity  images.  This  data  will  be  used  to  gener¬ 
ate  a  quantitative  measure  of  the  system. 
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Figure  5:  A  Bad  Match  Which  Can  be  Resolved. 


Figure  4:  A  Partial  Match  Which  Can  be  propagated. 


Figure  6:  Junction  Transition  Graph.  In  addition  to  the  the  “ALOS”  type,  the  corresponding  segments 
must  also  approximately  match. 


'///////A 


Figure  9:  Segments  Near  Blob  Boundary. 


Figure  10:  Results  of  Applying  the  Gap-Filling 
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Abstract 

An  improved  stochastic  stereo-matching  algorithm  is  pre¬ 
sented.  It  incorporates  two  substantial  modifications  to  an 
earlier  version:  (1)  a  new  variation  of  simulated  annealing 
that  is  faster,  simpler,  and  more  controllable  than  the  con¬ 
ventional  “heat-bath”  version,  and  (2)  a  hierarchical,  coarse- 
to-fine-resolution  control  structure.  The  same  Hamiltonian  is 
minimized,  but  far  more  efficiently.  The  basis  of  microcanonical 
annealing  is  the  Creutz  algorithm  .  Unlike  its  counterpart,  the 
familiar  Metropolis  algorithm,  the  Creutz  algorithm  simulates  a 
thermally  isolated  system  at  equilibrium.  The  hierarchical  con¬ 
trol  structure,  together  with  a  Brownian  st;  e-transition  func¬ 
tion,  tracks  grounds  states  across  scale,  beginning  with  small, 
coarsely-coded  levels.  Results  for  a  512x512  pair  with  50  pixels 
of  disparity  are  shown. 

1  INTRODUCTION 

Computational  theories  of  vision  often  involve  optimization, 
usually  in  an  enormous  state  space  and  over  a  non-convex  ob¬ 
jective  function.  Recently,  a  subtle  technique  from  statistical 
physics  has  been  used  for  such  computations  [1,2, 3,4],  It  is  based 
on  the  physical  analogy  of  annealing  a  system  of  molecules  to 
its  ground  state,  and  hence  is  called  simulated  annealing  [5,6], 
To  grow  a  perfect  crystal,  one  starts  at  a  high  temperature  and 
then  gradually  cools  the  substance,  staying  as  close  to  equilib¬ 
rium  as  practical.  This  is  directly  analogous  to  what  happens 
in  simulated  annealing:  the  Metropolis  algorithm  [7]  is  used  to 
bring  a  synthetic  system  to  equilibrium,  and  the  macroscopic 
parameter  temperature  is  used  to  control  the  rate  of  cooling. 

The  general  theme  is  as  follows: 

•  A  particular  (usually  low-level)  vision  problem  is  consid¬ 
ered. 

•  A  representation  is  chosen  in  which  the  problem  is  modeled 
as  an  analog  to  a  physical  system  of  discrete  “molecules.” 
Each  molecule  typically  corresponds  to  a  location  on  a  pixel 
lattice.  The  system  has  many  degrees  of  freedom. 

•  An  energy  function  (a  Hamiltonian)  is  chosen  that  expresses 
constraints  inherent  in  the  problem.  The  solution  is  char¬ 
acterized  by  the  ground  states  of  the  system;  that  is,  those 
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states  that  have  the  lowest  energy.  The  ground  states  are 
difficult  to  specify  because  the  state  space  of  the  system  is 
huge  —  exponential  in  the  number  of  molecules. 

•  The  dynamics  are  simulated  in  a  way  that  brings  the  system 
to  the  desired  ground  state,  or  at  least  to  a  very  low-energy 
state  that  approximates  a  ground  state. 

This  paper  presents  such  a  model  for  matching  stereo  im¬ 
ages.  An  early  version  is  described  in  [3],  Two  major  exten¬ 
sions  have  been  made  that  permit  substantially  improved  perfor¬ 
mance.  First,  a  new  variety  of  simulated  annealing  is  employed. 
It  uses  an  simpler  alternative  to  the  standard  Metropolis  al¬ 
gorithm  which  is  more  efficient,  more  easily  implemented,  and 
offers  more  control  over  the  annealing  process.  Secondly,  by  rep¬ 
resenting  the  stereo  pair  as  a  Laplacian  pyramid,  the  system  is 
extended  to  operate  over  several  levels  of  resolution.  It  exploits 
relatively  quickly-computed  minima  at  lower  levels  of  resolution 
to  initialize  its  state  at  higher  levels.  This  method  leads  both 
to  more  efficiency  and  to  the  ability  to  deal  with  much  larger 
ranges  of  disparities. 

The  basic  representation  remains  unchanged.  The  state  of  the 
system  encodes  a  dense  map  of  discrete  horizontal  disparities, 
defined  over  the  left  image,  which  specify  corresponding  points 
in  the  right  image.  In  the  improved  design,  this  state  is  relative 
to  a  particular  level  of  resolution. 

The  energy  of  a  lattice  site  is  composed  of  two  terms,  each  of 
which  expresses  a  contraint  important  in  stereo  matching: 

%  =  I h{i,i)  -  IR(i,j  +  D(i,j))\  +  A|VZ?(t,i)| 

II  and  In  are  the  left  and  right  image  intensities,  or  some  simple 
function  of  them  (such  as  a  Laplacian).  Subscripts  t  and  j  range 
over  all  sites  in  the  left  image  lattice.  D  is  the  disparity  map. 
The  first  term  is  the  absolute  difference  in  intensity  between 
corresponding  points  (where  the  correspondences  are  defined  by 
the  current  state  of  the  system),  and  the  second  is  proportional 
to  the  local  spatial  variation  in  the  current  state  (the  magnitude 
of  the  gradient  of  the  disparity  map).  The  constant  A  is  used 
to  balance  the  terms.1  This  equation  expresses  two  competing 
constraints:  (1)  the  image  intensities  of  corresponding  points 
should  be  more-or-less  equal,  and  (2)  the  disparity  map  should 
be  more-or-less  continuous. 

The  Hamiltonian, 

_ E  =  E  Bii  . 

‘The  performance  of  the  system  is  not  very  sensitive  to  the  value  chosen 
for  A.  In  the  example  of  Section  4,  as  well  as  all  three  examples  in  (3], 


is  unchanged;  therefore,  the  ground  states  that  we  seek  to  deter¬ 
mine  or  to  approximate  are  the  same  The  new  design  is  strictly 
concerned  with  improved  performance  The  techniques  used  to 
obtain  it  are  not  restricted  to  stereo  matching,  and  should  be 
considered  for  any  simulated-annealing  approach  to  low-level  vi¬ 
sion  problems. 

2  MICROCANONICAL  ANNEALING 

The  conventional  simulated  annealing  algorithm  uses  an 
adaptation  of  the  Metropolis  algorithm  to  bring  a  system  to 
equilibrium  at  decreasing  temperatures.  The  Metropolis  algo¬ 
rithm  defines  a  Markov  process  that  generates  a  sequence  of 
states,  such  that  the  probability  of  occurrence  of  any  particular 
state  is  proportional  to  its  Boltzman  weight: 

P(S)  <x  exp (-PE(S))  , 

where  E(S)  is  the  energy  of  state  S  and  /?  is  the  inverse  tem¬ 
perature  of  the  system.  This  process  generates  samples  from 
the  canonical  ensemble ;  that  is,  the  system  is  considered  to  be 
immersed  in  a  heat  bath  with  a  controllable  temperature.  An¬ 
nealing  is  accomplished  by  imposing  a  schedule  for  reducing  the 
temperature,  1//?,  so  as  to  keep  the  system  close  to  equilibrium. 

Creutz  has  described  an  alternative  technique  that  simulates 
the  microcanonical  ensemble  [8] .  In  this  method,  the  total  energy 
remains  constant  (for  some  fixed  point  in  the  schedule).  Instead 
of  simulating  a  system  immersed  in  a  heat  bath,  the  Creutz 
algorithm  simulates  a  thermally  isolated  system  in  which  energy 
is  conserved.  It  performs  a  random  walk  through  state  space, 
constraining  states  to  a  surface  of  constant  energy.  The  simplest 
way  to  accomplish  this  is  to  augment  the  representation  with 
an  additional  degree  of  freedom,  called  a  demon,  that  carries  a 
variable  amount  of  energy,  ED.  The  total  energy  of  the  system 
is  now: 

E  =  E(S )  +  Ed  . 

Normally,  the  demon  is  constrained  to  have  non-negative  energy, 
although  the  possibility  of  giving  it  negative  energy  is  useful  in 
annealing,  as  will  be  discussed  below. 

In  the  Metropolis  algorithm  a  potential  new  state  S'  is  chosen 
lar.Jomly,  ai»d  i9  aeeepltd  ot  titled  t&3cd  v/n  the  change  in 
energy: 

A E  =  E(S')  -  E{S)  . 

If  Afi'  in  nigJdJw  lh  r™  riob  ji  jrHpAed;  othswiw,  :i  » 
accepted  with  probability  exp(-/?A E). 

The  Creutz  algorithm  is  quite  similar.  If  A E  is  negative,  the 
new  state  is  accepted,  and  the  demon  energy  is  increased  [Ed  *— 
Ed  —  A E).  If  A E  is  non-negative,  however,  acceptance  of  the 
new  state  is  contingent  upon  Ed :  if  A E  <  Ed  the  change  is 
accepted,  and  the  demon  energy  is  decreased  (Ed  <—  Ed  -  AS); 
otherwise,  the  new  state  is  rejected.  Clearly,  the  total  energy  of 
the  system  remains  constant. 

The  Creutz  algorithm  has  several  advantages.  Unlike  the 
Metropolis  algorithm,  it  does  not  require  the  evaluation  of  tran¬ 
scendental  functions.  Of  course,  in  practice  these  functions  can 
be  stored  as  tables,  but  we  would  like  our  algorithm  to  be  adapt¬ 
able  to  fine-grained  parallel  processors  such  as  the  Connection 
Machine.  The  small  amount  of  local  memory  in  such  machines 
makes  lookup  tables  unattractive.  The  Creutz  algorithm  can 
easily  be  implemented  with  only  integer  arithmetic  —  again,  a 


significant  advantage  for  fine-grained  parallel  processors  and  for 
VLSI  implementation.  Experiments  indicate  that  the  Creutz 
method  can  be  programmed  to  run  an  order  of  magnitude  faster 
than  the  conventional  Metropolis  method  for  discrete  systems 
[9].  A  further  important  advantage  is  that  microcanonical  sim¬ 
ulation  does  not  require  high  quality  random  numbers. 

In  conventional  simulated  annealing  we  control  the  process  by 
specifying  the  temperature.  In  the  microcanoni  .V,  version,  how¬ 
ever,  temperature  is  not  a  control  parameter;  it  is  a  statistical 
feature  of  the  system.  In  fact,  standard  arguments  can  be  used 
to  show  that  at  equilibrium  the  demon  energies  have  a  Boltzman 
distribution: 

P(Ed)  oc  exp (-0ED)  ■ 

The  inverse  temperature  can  be  determined  from  the  mean  value 
of  the  demon  energy: 

ln(l  +  4 /  <Ep  >) 

P  4 

Control  of  microcanonical  annealing  is  accomplished  by  peri¬ 
odically  removing  energy  from  the  system.  The  method  used  to 
generate  the  results  in  Section  4  is  as  follows: 

1.  Assume  that  the  process  begins  in  a  random  state  So  of 
high  energy  with  respect  to  the  ground  state.  Call  this 
Eo  =  E(So).  The  initial  demon  energy  is  zero. 

2.  Remove  a  fixed  proportion  of  this  energy,  5E,  by  reducing 
the  demon  energy  (Ed  <-  ED  -  8E).  The  results  of  Section 
4  were  obtained  with  8E  =  Eo/300. 

3.  Run  the  Creutz  algorithm  until  the  system  reaches  equilib¬ 
rium.  A  reasonable  test  for  equilibrium  is  to  consider  the 
rate  of  accepted  moves  to  states  of  higher  energy.  If  the 
system  is  large  enough,  this  rate  will  increase  steadily  until 
it  approximates  the  rate  of  moves  to  states  of  lower  energy. 
We  terminate  the  process  for  a  particular  energy  level  when 
the  rate  of  accepted  moves  to  higher  energy  states  decreases 
(measured  over  N  site  visits. 

4.  Repeat  steps  (2)  and  (3)  until  no  further  improvement  is 
observed. 

This  procedure  has  only  one  free  parameter:  the  ratio  SE/Ep ■ 
While  Ed  <  0  the  Creutz  method  operates  as  a  “greedy”  algo¬ 
rithm,  accepting  only  moves  to  lower  energy  states  and  increas- 
■irj  V ^  ?/l(Tl  Eh  tcflzrirSS  p  t-Sttm;  (which  4trickly  ff 

8E  is  small),  the  demon  begins  to  exchange  energy  between  lat¬ 
tice  positions.  As  the  ground  state  is  approached,  Ep  remains 
negative  because  it  cannot  absorb  more  energy  from  the  lattice. 

If  sites  are  visited  in  a  regular  scan,  we  observe  an  undesireable 
effect:  after  Ep  is  made  negative,  energy  is  removed  from  only  a 
small  area  of  the  lattice.  For  example,  if  we  visit  the  sites  along 
scan  lines  from  left-to-right,  bottom-to-top,  the  algorithm  will 
make  “greedy”  moves  on  the  lower  part  of  the  lattice,  resulting 
in  significantly  lower  energy  density  in  this  area  compared  to  the 
rest  of  the  lattice.  Many  more  scans  may  be  required  for  this 
energy  gradient  to  diffuse  thoughout  the  entire  lattice.  This 
problem  is  easily  overcome  by  visiting  sites  in  random  order. 

The  algorithm  described  above  is  sequential,  and  therefore  is 
not  suitable  for  parallel  processing.  Each  local  state  transition 
can  change  Ep,  which  in  turn  can  affect  the  next  transition. 
Fortunately,  the  technique  can  be  modified  to  a  parallel  one 
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by  using  a  separate  demon  for  each  lattice  site.  (As  we  add 
demons,  the  technique  moves  toward  a  canonical-ensemble  sim¬ 
ulation.  In  fact,  if  the  number  of  demons  is  very  large  compared 
to  the  number  of  sites,  the  technique  specializes  to  the  Metropo¬ 
lis  algorithm  [8].)  Preliminary  experiments  with  one  demon  per 
site  indicate  good  performance,  although  the  results  of  Section 
4  were  generated  with  the  single-demon  algorithm. 


3  HIERARCHICAL  ANNEALING 

In  the  original  model  [3],  annealing  v'as  performed  only  at 
the  level  of  resolution  of  the  stereo  images.  In  some  cases  the 
images  were  first  bandpass  filtered  to  remove  low-frequency  com¬ 
ponents  —  in  effect,  a  simple  photometric  correction  for  inconsis¬ 
tent  sensor  gains  or  film  development.  Lower  and  upper  bounds 
on  disparity  were  specified  in  advance,  and  all  state  transitions 
were  considered  with  equal  probability.  As  the  range  of  dispar¬ 
ity  became  large,  this  scheme  required  much  larger  amounts  of 
computation.  If  we  have  m  permissible  disparities  and  N  pixels, 
the  size  of  the  state  space  is  mN .  If  ve  double  the  range  of 
disparity,  the  size  of  the  state  space  increases  by  a  factor  of  2N . 
Since  A  is  a  rather  large  number  (218  in  the  example  shown  in 
Section  4),  we  see  that  the  state  space  grows  explosively  with 
increasing  disparity  range. 

A  natural  extension  of  the  method  is  to  adopt  a  hierarchical, 
coarse-to-fine  control  structure.  At  a  coarse  level  of  resolution 
the  number  of  lattice  sites  (i.e.,  the  number  of  pixels)  and  the 
range  of  disparity  are  small,  and  therefore  the  size  of  the  state 
space  is  relatively  small.2  We  should  be  able  to  compute  an 
approximate  ground  state  quickly,  and  then  use  it  to  initialize 
the  annealing  process  at  the  next,  finer  level  of  resolution. 

Coarse-to-fine  techniques  have  been  widely  used  for  image 
matching.  For  example,  Moravec  [10]  used  a  resolution  hierar¬ 
chy  to  match  discrete,  point-like  features.  The  stereo  model  de¬ 
scribed  by  Marr  and  Poggio  [11]  and  further  developed  by  Grim- 
son  [12]  matched  zero-crossings  between  hierarchies  of  band- 
passed  images.  More  recently,  Witkin  et.  al,  [13]  have  used 
a  continuation  method  to  minimize  an  energy  function  through 
scale  space.  In  each  case,  the  results  of  low-resolution  matching 
were  used  to  guide  the  system  at  higher  resolutions. 

The  Laplacian  pyramid,  developed  originally  as  a  compact 
image  coding  technique  [14],  offers  an  efficient  representation 
for  hierarchical  annealing.  In  a  Laplacian  pyramid,  an  im¬ 
age  is  transformed  into  a  sequence  of  bandpass  filtered  copies, 
1°,  I  ,  P, ...,  7",  each  of  which  is  smaller  that  its  predecessor  by 
a  factor  of  1/2  in  linear  dimension  (a  factor  of  1/4  in  area),  with 
the  center  frequency  of  the  passband  reduced  by  one  octave. 
This  transform  can  be  computed  efficiently  by  recursively  apply¬ 
ing  a  small  generating  kernel  to  create  a  Gaussian  (low-passed) 
pyramid,  and  then  differencing  successive  low-passed  images  to 
construct  the  Laplacian  pyramid. 

After  constructing  Laplacian  pyramids  from  the  original 
stereo  images,  disparity  is  reduced  by  a  factor  of  1/2  in  suc¬ 
cessive  levels.  Therefore,  at  some  level,  disparity  is  small  every¬ 
where.  For  typical  stereo  images,  we  can  take  this  to  be  level 
n  —  4.  (For  example,  if  the  original  images  were  a  power  of  2 
in  linear  dimension,  the  Laplacian  images  at  level  n  -  4  would 
be  16x16  pixels.  Disparities  in  the  range  of  0  to  63  pixels  in  a 
p&it  d  512x512  would  t*  reduced  to  tlw  rar.g*  of  C  to  1 

2  Although  the  state  apace  may  be  large  in  absolute  terms. 


pixel,  with  truncation,  at  the  (n  -  4)th  level  )  We  shall  start  an¬ 
nealing  at  this  level,  find  an  approximate  ground  state,  at  then 
expand  the  solution  to  the  next  level.  To  me.ke  this  coarse-to- 
fine  strategy  work,  however,  we  need  two  further  modifications. 
We  must  use  a  different  process  for  generating  state  transitions, 
and  we  must  specify  how  a  low-resolution  result  is  used  to  start 
the  annealing  process  at  the  next  higher  level. 

In  the  original  model,  the  probability  of  choosing  a  new  dis¬ 
parity  for  consideration  as  a  new  state  was  uniformly  distributed 
over  the  prior  range  of  disparities: 

P{dj  -  dk)  =  -  . 

m 

This  is  not  compatible  with  our  intention  of  guiding  the  process 
with  lower-resolution  results,  however.  We  are  now  assuming 
the  disparity  of  a  lattice  site  to  be  close  to  its  correct  value,  A 
more  effective  generating  process  is  to  restrict  the  disparities  to 
increase  or  decrease  by  one  pixel: 


P{dj  -*  dk)  = 


.5  if  | dj  -  dk  |  =  1 
0  otherwise 


with  the  further  restriction  that  the  disparities  are  not  allowed 
to  specify  corresponding  points  outside  the  boundary  of  the 
right  image.  In  this  scheme  the  system  undergoes  Brownian 
motion  through  state  space.  An  additional  feature  of  this  state- 
transition  function  is  that  it  is  no  longer  necessary  to  specify 
bounds  on  disparity  in  advance. 

Expanding  a  low-resolution  result  to  the  next  level  is  a  little 
tricky.  Obviously,  one  should  begin  by  simply  doubling  the  size 
of  the  low-resolution  lattice,  and  also  doubling  the  disparity  val¬ 
ues.  Having  done  this,  however,  the  new  state  has  an  artificially 
low  energy  because  every  odd  disparity  value  is  “unoccupied,” 
and  the  new  map  is  therefore  more  uniform  that  it  should  be. 
A  spurious  symmetry  is  imposed  on  the  new  state  that  is  solely 
due  to  the  quantization  of  the  previous  result,  and  that  is  likely 
to  place  the  system  near  a  metastable  state  (a  local  minimum) 
from  which  it  cannot  recover.  Fortunately,  there  is  an  easy  solu¬ 
tion  to  this  problem:  break  this  symmetry  by  adding  heat.  One 
effective  way  is  as  follows: 


1.  Compute  the  energy  Ek  of  the  initial  state  at  level  k.  (This 
state  has  been  determined  by  doubling  the  result  at  level 
k  +  1.) 

2.  Add  a  fixed  proportion  of  this  energy,  AEk,  by  increasing 
the  demon  temperature  (Ed  *—  Ed  +  A Ek).  The  results  of 
Section  4  were  obtained  with  A Ek  =  Ek / 10. 

3.  Run  the  Creutz  algorithm  until  the  system  reaches  equilib¬ 
rium. 

4.  Repeat  steps  (2)  and  (3)  until  the  number  of  accepted 
higher-energy  states  exceeds  the  number  of  rejected  higher- 
energy  states. 

4  RESULTS 


Figures  1(a)  and  (b)  are  an  aerial  stereo  pair  (512x512  pix¬ 
els  each)  covering  part  of  Martin  Marietta’s  test  site  for  the 
Autonomous  Land  Vehicle  Project  near  Denver.  The  terrain 
is  dominated  by  a  long,  steep  “hogback”  (running  diagonally 


across  the  middle  of  the  images),  that  sepaiates  two  broad  val- 
levs.  The  highest  terrain  is  in  the  upper  left.  Several  roads  and 
a  few  buildings  may  be  seen.  Disparity  ranges  from  zero  to  50 
pixels.  Figures  1(c)  and  (d)  show  the  Laplacian  pyramids. 

The  results  of  applying  the  microcanonical,  hierarchical  an¬ 
nealing  algorithm  to  this  data  are  illustrated  in  Figure  2(a), 
which  shows  the  sequence  of  approximate  ground  states  found 
at  each  level  of  the  pyramid.  Disparity  values  are  displayed  in 
15  greylevels  with  wraparound.  At  the  coarsest  level  of  resolu¬ 
tion  (the  tiny  16x16  images),  the  system  converged  to  a  uniform 
disparity  map.  As  the  system  descends  through  the  resolution 
hierarchy,  the  detail  of  the  approximate  ground  states  becomes 
increasingly  precise.  The  disparities  along  the  right  border  of 
the  map  are  incorrect  because  the  left  image  does  not  overlap 
the  right  in  this  region,  and  pixels  in  this  region  therefore  have 
no  corresponding  points.  Figure  2(b)  is  a  contour  map  of  cov¬ 
ering  the  upper  left  portion  of  the  stereo  pair,  prepared  by  the 
Engineering  Topographic  Laboratory,  and  is  included  for  com¬ 
parison. 

Figures  3  and  4  show  some  of  the  results  in  more  detail.  In 
Figure  3(a)  a  few  points  and  columns  have  been  selected  from 
a  magnified  portion  of  the  left  image.  The  corresponding  points 
in  the  right  image  are  shown  in  Figure  3(b).  Figure  4  is  simiiar. 

The  largest  problem  solved  by  the  previous  version  of  the  sys¬ 
tem  was  on  the  order  of  a  256x256  pair  with  15  levels  of  disparity. 
This  required  about  12  hours  on  a  Symbolics  3600.  The  result 
shown  here  is  a  512x512  pair  with  50  levels  of  disparity,  and  was 
computed  in  about  the  same  amount  of  time.  Consider  the  size 
of  the  state  space  of  the  two  problems.  The  state  space  of  the 
current  problem3  exceeds  the  size  of  the  old  problem  by  a  factor 
of  more  than  lO36000. 

5  CONCLUSIONS 

Two  major  improvements  to  a  stochastic  stereo- matching  sys¬ 
tem  have  been  described:  (1)  a  simulation  of  the  microcanonical 
ensemble,  as  opposed  to  the  canonical  ensemble  of  conventional 
simulated  annealing;  and  (2)  the  extension  to  a  hierarchical  con¬ 
trol  structure  based  on  Laplacian  pyramids.  Both  techniques 
are  rather  general  in  nature,  and  can  probably  be  used  in  other 
simulated-annealing  applications.  Together,  they  permit  solu¬ 
tions  of  stereo-matching  problems  far  beyond  the  competence  of 
the  original  system. 

We  are  currently  evaluating  the  quantitative  increase  in  per¬ 
formance  attributable  to  each  new  technique.  Qualitatively,  the 
use  of  microcanonical  annealing  yields  perhaps  an  order  of  mag¬ 
nitude  increase  in  efficiency.  A  potentially  more  important  ben¬ 
efit  is  that  it  is  a  simpler  computation  than  standard  annealing, 
and  is  therefore  more  readily  implemented  in  fine-grained  paral¬ 
lel  systems.  The  hierarchical  control  structure,  combined  with 
the  Brownian  state-transition  function,  contributes  most  of  the 
increased  performance. 
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(b)  Right  image 
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(a)  Pyramid  of  approximate  ground  states, 


(c)  Left  Laplacian  pyramid.  (d)  Right  Laplacian  pyramid 


(b)  Contour  plot  covering  upper  left  portion 


Figure  1:  Aerial  stereogram  of  the  ALV  test  site 


Figure  2:  Approximate  ground  states, 
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ABSTRACT 

An  algebraie  model  for  three-dimensional  objects  is  intro¬ 
duced.  Algebraic  deduction  with  the  Grobner  basis  is  used 
to  verify  consistency  between  two  object  views.  It  is  demon¬ 
strated  that  a  useful  model  can  be  extracted  from  a  single 
viewpoint  using  a  new  approach  to  scene  labeling. 

1.  INTRODUCTION 
Model-Based  Recognition 

Considerable  research  effort  has  been  applied  to  the  use 
of  explicit  three-dimensional  models  for  object  recognition 
[Besl  and  Jain],  These  models  have  been  frequently  derived 
using  conventional  CAD  tools  [Roberts,  Brooks,  Lowe].  It  is 
also  possible  to  derive  three-dimensional  models  from  ideal 
line  drawings  [Markowsky  and  Wesley,  Strati. 

Models  can  also  be  derived  from  range  data  [Faugcras 
and  Hebert,  Grimson  and  Lozano-Perez,  Connolly  et  al]  or 
from  stereo  data  [Faugeras  et  al.,  Mayhcw],  In  these  cases, 
the  models  have  been  used  to  recognize  objects  as  imaged  in 
the  same  fashion.  That  is,  a  model  of  planar  surfaces 
derived  from  range  data  is  matched  to  planar  surfaces 
derived  from  another  range  view  of  the  object.  Likewise, 
edge  segments  derived  from  stereo  data  are  matched  to 
edges  derived  from  another  stereo  view  of  the  object. 

Constraints  From  a  Single  Projection 

The  focus  of  this  paper  is  the  derivation  of  a  partial 
model  from  a  single  two-dimensional  perspective  view  of  an 
object  and  the  use  of  this  model  to  recognize  the  object  from 
another  viewpoint.  It  is  not  possible  to  derive  a  complete, 
three-dimensional  model  from  a  single  view  without  assum¬ 
ing  a  great  deal  about  the  relationships  between  object  sur¬ 
faces  and  edges.  For  example,  a  common  assumption  is  that 
the  object  is  a  polyhedron  with  adjacent  faces  and  edges  per¬ 
pendicular.  With  this  assumption,  it  is  possible  to  establish 
the  three-dimensional  structure  of  the  visible  surfaces  from  a 
single  view  [Herman], 

The  investigation  here  centers  on  the  case  where  the  only 
assumption  made  about  the  object  is  that  it  is  a  polyhedron. 
The  initial  experiments  have  assumed  that  the  perspective 
image  transformation  ean  be  approximated  by  an  affine 

’This  work  wns  supported  in  part  by  the  13 A R PA  Strategic  Computing  Vision  Pro¬ 
gram  in  conjunction  with  the  Army  Engineer  Topographic  Laboratories  under  Con¬ 
tract  No.  DACA76-86-C-0007. 


transformation.  An  affine  transformation  is  an  orthographic 
projection  with  subsequent  scaling  of  coordinate  axes.  The 
affine  approximation  is  more  realistic  than  the  usual  ortho¬ 
graphic  assumption,  but  is  more  constraining  than  the  full 
perspective  case. 

A  polyhedron  is  a  collection  of  three  elements;  the  ver¬ 
tex,  the  edge,  and  the  face.  A  vertex  is  a  three-dimensional 
point  and  represents  the  intersection  of  two  or  more  edges  or 
three  or  more  faces.  An  edge  is  bounded  by  two  vertices 
and  is  the  intersection  of  at  least  two  faces.  A  face  is  a  planar 
region  bounded  by  a  sequence  of  edges  and  vertices.  The 
affine  projection  of  a  polyhedron  produces  a  set  of  two- 
dimensional  edges  and  vertices.  The  image  plane  is  parti¬ 
tioned  into  a  set  of  closed  regions,  which  are  bounded  either 
by  projections  of  edges  and  vertices  or  the  image  border. 

The  least  restrictive  constraint  that  can  be  derived  from 
the  projection  is  simply  that  the  image  vertices  are  related  to 
the  corresponding  object  vertices  by  the  linear  transformation 
equations  where  the  three-dimensional  coordinates  of  each 
vertex  arc  unknown,  along  with  the  six  affine  transformation 
parameters.  These  constraints  are  not  sufficient  to  usefully 
define  the  three-dimensional  structure  of  the  object.  It  is 
necessary  to  introduce  a  grouping  of  vertices,  edges  and  faces 
of  the  projection  to  provide  significant  constraints  on  the 
three-dimensional  objeet  configuration. 

One  example  of  such  a  group  is  to  identify  a  cycle  of 
edges  and  vertices  in  the  projection  image  that  corresponds 
to  a  visible  face  of  the  three-dimensional  polyhedron.  The 
identification  of  such  groups  requires  that  a  labeling  opera¬ 
tion  be  performed  on  the  projection  [Malik,  Kapur  et  al, 
Nguyen].  The  fact  that  the  cycle  elements  must  be  coplanar 
can  then  be  used  to  further  constrain  the  three-dimensional 
structure.  Excellent  reviews  on  the  nature  of  these  projec¬ 
tion  and  coplanarity  constraints  are  available  [Sugihara,  Cra- 
po] . 

Recognition  as  Algebraic  Consistency 

Once  the  set  of  constraints  is  established  from  a  given 
view  of  the  object,  they  can  be  used  as  a  model  for  recogni¬ 
tion.  In  the  work  described  here,  the  model  constraints  are 
expressed  as  a  set  of  algebraic  equations  in  terms  of  un¬ 
known  three-dimensional  coordinates  and  transformation  pa¬ 
rameters.  If  we  consider  another  two-dimensional  projection, 
which  is  hypothesized  to  be  another  view  of  the  object,  then 
the  equations  derived  from  each  projection  should  be  alge¬ 
braically  consistent;  of  course,  tne  correct  assignment  has  to 
be  made  between  the  corresponding  elements  of  each  view. 
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The  use  of  feasible  constraints  for  object  recognition  is 
motivated  by  the  ACRONYM  system  [Brooksl.  In  ihc  c.i,e 
of  ACRONYM,  the  consistency  between  a  known  three- 
dimensional  model  and  its  projection  in  an  image  was  tesied 
using  a  form  of  the  SUP-INF  method  of  reasoning  about 
linear  inequalities.  The  inequalities  arise  because  of  toler¬ 
ances  on  the  expected  transformation  and  image  feature  posi¬ 
tion.  By  contrast,  in  the  work  reported  here,  we  do  not  have 
a  mrtc-JltTrc  <siun,.f  uiudcT,  Out  on!}  t!jo  cu i ts 1 1 a 1 1 1 is  u u posed 
by  a  two-dimensional  view.  Another  major  difference  is  that 
the  decision  procedure  used  in  the  current  work  permits  non¬ 
linear  constraint  equations,  but  not  inequations  (inequalities. 
Actually,  Brooks  could  handle  a  limited  form  of  nonlinearity 
associated  with  ihc  TTlgofToiTieii  it  foi  Pis  involved  in  lounion. 


The  process  of  recognition,  in  the  current  context,  is  to 
first  form  assignments  between  vertex  groups  in  each  projec¬ 
tion  and  then  to  test  the  algebraic  consistency  of  the  resulting 
equations.  The  consistency  is  tested  bv  determining  if  the 
ideal  of  the  set  of  equations,  taken  as  polynomials  equal  to 
zero,  contains  the  unity  element.  Briefly,  the  ideal  is  a  set  of 
pufyt  lUiflidTS  Thai  (Tie  till  uf  the  liiieai  Coiiibiiiauons  of  polyno¬ 
mials  from  the  original  set.  If  the  ideal  contains  the  uni'y 
element,  then  the  set  of  equations  is  inconsistent.  These  con¬ 
cepts  will  be  discussed  in  detail  later,  but  it  can  be  seen  that  a 
unit  clement  in  the  ideal  can  generate  any  polynominal  as  a 
linear  combination.  This  condition  is  similar  to  that  arising 
from  an  inconsistent  set  of  axioms  in  logic,  where  any  state¬ 
ment  can  be  proven  by  rcductio-ad-absurdum.  The  presence 
of  unity  in  the  ideal  can  be  determined  using  a  system  of 
term  rewriting  rules,  called  die  Cirbbncr  basis  tKapur],  Tne 
Grobner  basis  is  generated  from  the  original  set  of  polynomi- 
nals  using  a  completion  procedure  involving  the  interaction 
of  pairs  of  polynomials,  expressed  as  rewrite  rules. 

If  the  equations  arc  consistent,  then  the  two  views 
correspond  to  the  same  three-dimensional  object;  or  at  least 
they  share  some  solutions  for  the  possible  objects  that  arc 
consistent  with  both  projections.  The  consistency  also  allows 
a  more  specific  determination  of  the  three-dimensional 
configuration  of  the  object  For  example,  if  the  transforma¬ 
tion  between  the  views  is  given  in  advance,  then  the 
correspondence  between  equations  is  similar  to  the  feature 
tiwii.'bii.  ig  (Li  jc  tn  j.'IuntMod  tfeffo  ih.atyste  Tlw  '**- 

tween  vertices  provides  a  disparity  or  depth  value  for  each 
vertex  match. 


2.  I  MAGI'  S  OF  POI.YIIF.DRA 


flic  Viewing  Transformation 


The  .situation  of  interest  lo  us  here  is  illustrated  in  Figure 
2.1  \  polyhedral  object  is  being  viewed  from  iwo  or  more 

\ icw points  lo  simplify  me  discussion  we  assume  that  tne 
objecl  coordinate  frame  is  the  same  as  that  of  the  first  view 
point  There  is  a  possibly  elilkiuiwlt  rrmUli  mfep  IH[  sfyiMi#, 
lion  between  the  two  viewpoint  locations.  The  three- 
dimensional  geometry  and  topological  structure  of  the  poly¬ 
hedron  is  not  known.  All  that  is  available  are  the  two- 
dimensional  projections  of  the  object  in  each  vicwplanc,  tt 
•ind  n-  Tile  goal  U  in  »Hrrrniir  if  I  Hr  Uah*  jert-k .iw  wtw 
ally  correspond  lo  the  same  polyhedron. 


First  let  us  consider  the  transformation  between  the 
three-dimensional  vertex  locations  and  their  corresponding 
two-dimensional  position  in  the  image  plane.  The  natural 
transformation  that  results  from  a  standard  imaging  system  is 
tne  perspective  translormalion.  However,  it  is  not  essential 
to  use  this  exact  relationship  in  most  practical  situations.  It 
**  i  hr  "dh'tiTJ  I  Jim  mi  np+tf  ftMMfcjiit  I  pffspeetwt,  i|.y4  «nk>e 
transformation,  is  quite  appropriate  for  most  viewing  situa¬ 
tions  [Thompson  and  Mundy], 

The  form  of  the  affine  transformation  is  given  by  the  fol¬ 
lowing  matrix  relation: 


p  =  w  [FI [R|  P  t  p(l 


where  w  is  an  tiffin c  scale  factor  and  R  represents  a  rotation 
matrix  for  the  orientation  of  the  object  reference  frame  rela¬ 
tive  to  the  image  reference  frame.  The  matrix  [Id  indicates 
the  projection  from  three  dimensions  into  the  two- 
dimensional  image  plane, 


Ii 


l  n  o 
o  i  o 
o  o  o 


p  is  the  location  of  the  projected  vertex  position  vector,  P,  in 
the  image  plane.  The  two-dimensional  vector,  p„,  represents 
a  translation  in  the  image  plane. 


The  rotation  matrix,  R,  can  be  represented  as  the  product 
of  three  matrices, 


R  =  [R/l  [Ry]  [R  J 

which  represent  rotations  about  each  of  the  view  plane  coor¬ 
dinate  axes.  For  example. 


If  the  IranufurmatLi,  between  vmws  is  unknown,  then 
the  depths  cannot  be  determined,  but  only  constrained  by 
the  assignment  between  a  vertex  from  each  view.  It  is  rca- 

5u o a u/c  to  r tr" tT  to  ft iis  case  (T5  £7 tyv/j/ <v a  s/iTtr/,  [Tie  object  ,,’U i  - 

face  depth  is  not  explicitly  determined  but  the  variety  (set  of 
equation  zeroes)  of  the  equations  represents  a  space  of  possi¬ 
ble  object  surfaces.  In  any  case,  the  introduction  of  new  con¬ 
straints,  either  from  hypotheses  about  geometric  constraints 
on  groups  c.l  prujccikm  elements,  ui  ftotn  new  views  of  the 
object,  will  reduce  the  number  of  unknown  coordinate 
values. 

The  remainder  ol  the  paper  will  give  details  about  the 
constraints,  the  analysis  of  consistency  and  some  examples  of 
experiments. 


IF  = 


I) 

0 


0 

(  .  vfc 

-  Sim// 


0 

Sitvji 
Cos <l>  | 


where  <//  is  the  angle  of  rotation  about  the  x  axis.  The  eom- 
pfele  t riT.isl ".TTTMtr  hi  tilers  reqwm  stx  pnf (irHciors.  mrco  rota¬ 
tions,  two  translation  components  and  a  scale  factor. 


Without  loss  of  generality,  we  assume  that  the  projection 
of  the  object  into  the  lirst  vicwplanc  involves  no  rotation, 
translation  and  a  unity  scale  factor.  The  only  unknowns  are 
the  depths  t/  component)  ol  the  three-dimensional  object 
vertices.  The  x,y  components  of  vertex  P  are  just  the  vertex 
projection  in  image  coordinates. 

The  affine  viewing  jwjjeed at  l4*e  WuftTopnMteft 
tween  views  arc  combined  into  a  single  transformation  be¬ 
tween  corresponding  image  vertex  locations  in  the  two  views. 
That  is 
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p'  =  w  [Ij][R]  P  +  p'o 

where  p'  is  the  location  of  the  projection  of  vertex  P  in  the 
second  view.  In  this  case,  R  represents  the  rotation  between 
image  reference  frames.  The  scale  factor,  w,  arises  from 
differences  in  image  depths  between  views.  p'0  is  the  com¬ 
ponent  of  the  translation  vector  between  viewpoints  which 
lies  in  the  second  viewplane,  v'. 

It  should  be  noted  that  our  procedure  assumes  the  loca¬ 
tion  of  projected  image  vertices  to  be  exact.  This  assumption 
is  not  appropriate  when  dealing  with  actual  intensity  image 
data.  Feature  locations  can  be  at  least  several  pixels  in  error 
for  actual  images.  Ultimately,  this  problem  must  be  solved, 
but  the  main  focus  of  this  paper  is  to  explore  the  formal 
properties  of  geometric  and  topological  constraints  in  image 
projections. 

The  Topology  of  Projections 

In  addition  to  the  geometric  relationships  just  discussed, 
it  will  be  important  to  consider  the  relationship  between  the 
luputugy  ui  the  tlilcc-diiticiiaiunal  pulyViedtul  SuffaCe  and  the 
topology  of  the  corresponding  projection.  We  observe  that  a 
jTulyh*JHrul  i  i  agr?  it  U  htiru:nt",iun  of  the  'ma^e  ■  lane  into 
open  and  connected  regions,  joined  by  vertices  and  edges. 
We  call  these  regions,  faces  of  the  image,  and  define  a 
vcrtex-edge-face  topology  in  the  image  space  similar  to  the 
one  for  3D  polyhedra.  Using  point  set  topology  [Henle], 
vertices,  edges,  faces  of  a  polyhedral  image  are  defined  as 
follows: 

vertex  -  A  vertex  is  a  point  of  ilie  image  plane  which  is  llw  inter- 
section  of  ai  least  iwo  edges  of  the  image.  The  angular  sectors 
t/L t IV, t  il  ii.  u, , nil i ,  ^dgeS  a  uttnd  til  tv rux  must  l. .  , t-l  ,>J  tfts 
Una  faces  of  ilie  image.  So  a  vertex  is  not  only  a  connection  of 
distinct  edges,  hut  also  a  junction  of  distinct  faces  of  the  po¬ 
lyhedral  image. 

edge  -  An  edge  is  a  segment  of  the  image  plane  which  connects 
two  distinct  faces  of  the  image.  The  edge  is  closed  iff  its  two  end 
points  are  both  vertices  of  the  image.  The  edge  is  open  iff  only 
one  of  its  end  points  is  a  vertex  of  the  image,  hi  this  case,  the 
edge  must  he  cur  off  by  the  image  boundary. 

cycle  -  A  cycle  is  a  closed  chain  of  vertices  and  edges.  A  cycle  C 
is  an  onl-cycle  (resp.  in-cycle)  of  a  face  F,  iff  the  direction  of  the 
cycle  C  is  clockwise  (resp.  counter-clockwise),  as  we  walk  along 
C  with  the  face  F  on  the  right  hand  side.  Since  all  edge  of  the  cy¬ 
cle  is  bounded  by  two  vertices  in  the  cycle,  the  cycle  is  a  closed  set 
of  the  image  plane. 

face  -  A  /dee  is  a  connected  subset  of  the  ime  ‘lane  locally 
bounded  by  chains  of  edges,  called  a  bounduly.  4  /ace  is  closed 
iff  its  boundary  includes  one  out-cycle,  zero  or  many  in-cycles.  A 
,iv  v  >p?v  ‘fl  "it  'jwwltrry  w  mm*  flfc  tNf  it  it  only  hmmM 
from  the  interior  by  in-cycles.  In  this  case,  the  face  must  be  cut 
off  by  the  image  border. 

Wnh  the  point  set  topology  in  the  image  space  defined 
above,  ihe  set  union  of  all  topological  sets  (vertices,  edges, 
ai.J  lacettf  J  fhe  l.nag*  Is  equrtf  k.  Ike  uy uf  V*. 
plane  strictly  inside  the  image  boundary.  Note  that  no  point 
of  the  image  is  strictly  inside  two  distinct  topological  sets.  So 
mathematically,  the  segmentation  of  the  image  plane  can  be 
represented  by  a  planar  network  of  nodes.  The  nodes  are 
not  only  the  vertices  as  in  [Huffman,  Clowes,  Waltz],  but 
also  the  edges  and  faces  of  the  image.  The  polyhedral  image 


is  represented  more  explicitly  by  a  planar  network  of  nodes 
linked  between  themselves  by  adjacency  links.  This  planar 
network  leads  to  a  parallel  implementation  of  image  labeling. 

For  now,  our  polyhedral  world  excludes  Origami  objects 
that  have  folds  of  planar  surfaces.  So.  the  junctions  in  the 
image  come  either  from  occlusion,  or  from  projection  of  3D 
polyhedral  vertices.  Wc  use  Huffman-Clowes  junctions  for 
occlusion  and  trihedral  vertices  [Huffman,  Clowes],  and 
Malik’s  Fundamental  Junction  Equation  for  multihedral  ver¬ 
tices  [Malik].  However,  junctions  al  vertices  are  not  the  only 
possible  local  constraints  in  labeling.  Wc  introduce  two  other 
labeling  constraints  around  edges  and  face  boundaries  of  the 
image,  described  respectively  by  junction-pairs,  and 
junction-loops.  These  extensions  of  the  labeling  system  pro¬ 
vide  a  unified  body  of  constraints  over  the  vertex,  edge,  and 
face  components  of  a  projection. 

Since  a  face  is  an  open  and  connected  region,  its  bounda¬ 
ries  must  be  disjoint.  We  can  label  the  boundaries  indepen¬ 
dently  of  each  other.  The  labeling  constraints  of  these 
boundaries  ate  TvjffvSvrrtttl  Vy  » Arises  of  yui'iCtt'otiS,  tailed 
junction-loops.  A  junction-loop  is  a  consistent  labeling  of  the 
el  o*  ■vyv’ly  J  vt'tikrs  n'  t!  Pti**k»Usb  IW?  hfbillrg 

consistency  over  arbitrary  open  chains  of  vertices  and  edges 
is  captured  by  Waltz’s  filtering  process,  [Waltz],  Waltz  and 
others  are  forced  to  do  depth-first  search  for  global  labelings 
to  capture  the  laheling  consistency  over  houridary  cycles.  We 
also  must  do  a  depth-first  search  to  enumerate  all  the 
junction-loops  tor  a  face  boundary,  however  our  depth-first 
search  is  local  to  a  face,  rather  than  global  to  the  whole  im¬ 
age. 

SliUila.ly,  a  jUUCLIO  1-pail  in  a  CUliSislCIlT  lu Lai  labeling  of 

an  edge.  The  junction-pair  is  a  more  complete  description  of 
the  edge  than  the  edge-label.  Junctions,  junction-pairs,  and 
junction-loops  arc  local  labelings  of  a  node  consistent  with  it¬ 
self  and  all  its  adjacent  neighbors.  Figure  3.1.  Just  as  faces 
joined  by  vertices  and  edges  completely  represent  the  image 
segmentation,  the  junctions,  junction-pairs,  and  junction- 
loops  completely  describe  the  local  labeling  constraints  be¬ 
tween  the  nodes  in  the  image. 

Nodes  also  have  labels.  For  example,  vertices  are  labeled 
V,  Y,  A,  T,  or  M,  respectively,  for  L,  Fork,  Arrow,  T,  or 
Multihedral  junctions.  Edges  are  labeled  +,  -,  or  >,  respec¬ 
tively,  for  convex,  concave,  or  occluding.  Faces  are  labeled 
B,  V,  or  0,  respectively,  for  background,  visible,  or  partially 
occluding  face.  Labels  and  local  labelings  describe  all  the  la¬ 
beling  constraints  at  a  node,  and  are  organized  into  hierar¬ 
chies. 

Labels  and  labelings  at  a  node  are  related  by  the  subset 
relation  between  hierarchical  classes.  The  hierarchies  and  the 
suoset  relation  icau  m  formal  aennnions  oi  constraint  saus- 
faction  between  two  adjacent  nodes.  The  image  topology 
leads  to  a  uniform  constraint  propagation  over  all  vertex- 
edge,  edge-face,  and  face-vutex  lilibs.  Labeling  uf  a  po¬ 
lyhedral  image  is  equivalent  to  constraint  satisfaction  and 
~ 'iiiJitfiur  Ifyi  uvjT  411  .tin  in  Lhu  ima§t  Loth  node 
has  local  constraints  described  hy  labels  and  labelings.  Each 
node  only  interacts  with  its  adjacent  neighbors.  The  result  of 
CSP  is  local  consistencies  or  inconsistencies  at  all  the  nodes 
in  the  network. 

Nguyen  proved  by  induction  that  globally  consistent  label¬ 
ings  exist  if  and  only  if  all  the  nodes  in  the  network  are  local- 
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ly  consistent.  The  induction  proof  confirms  that  the  labels 
and  labelings  at  a  node  are  necessary  and  sufficient  local  con 
straints  for  the  labeling  of  an  image.  The  output  is  a  net¬ 
work  of  nodes,  with  labels  and  local  labelings  attached  to 
eaeh  node.  This  represents  all  locally/glchally  consistent  la¬ 
belings  of  the  polyhedral  image. 

Figure  3.2  traces  the  parallel  labeling  of  two  blocks,  one 
on  top  of  the  other.  The  parallel  labeling  starts  with  the  input 
image,  and  default  labels  for  all  the  nodes  (i.e.  vertices, 
edges,  and  faces)  in  the  image,  frame  I  Then,  it  finds  all  lo¬ 
cal  labeling  constraints  at  all  vertices,  face  boundaries,  and 
edges  of  the  image,  described  respectively  by  junctions, 
junction-loops,  and  junction-pairs,  frames  2  to  4.  Constraint 
satisfaction  and  propagation  is  done  uniformly  at  all  the 
nodes  in  the  image,  from  every  node  to  its  neighbors, 
through  vertex-edge,  edge-face,  and  face-vertex  links. 
Frames  5  and  6  describe  the  result  of  CSP.  Attached  to  each 
node  is  the  number  of  local  labelings. 

The  face  surrounding  the  two  blocks  has  16  local  label¬ 
ings,  corresponding  to  the  blocks  floating  in  air,  or  resting 
against  some  imaginary  surface  at  some  of  its  bounding 
edges,  frame  5.  The  two  interpretations  correspond  to  the 
faee  labeled  as  image  background  (B)  or  as  polyhedral  lace 
(F).  Note  that  the  blocks  sitting  on  top  of  a  horizontal  sur¬ 
face  can  be  thought  as  the  blocks  floating  in  air,  and 
infinitesimally  touching  the  surface.  The  surrounding  face  is 
a  touchable  background,  and  is  labeled  B.  The  detection  of 
the  background  face  surrounding  the  blocks  further  restricts 
the  labeling  of  the  blocks,  without  changing  their  shape  in¬ 
terpretations,  frames  7  and  8. 

Labeling  identifies  significant  groups  of  vertices  which  can 
be  used  iu  Jenvu  algebraic  constraints.  rut  example,  an  trie 
vertices  in  a  visible  face  (labeled  V)  are  related  by  coplanarity 
equations,  frame  8  of  Figure  3.2.  Locally,  vertices  connected 
by  CCihveX  of  concave  edges  (labeled  respectively  +,  — )  ale 
on  the  planes  of  the  adjacent  faces.  A  vertex  at  a  T  occlusion 
only  belongs  to  the  occluding  face.  Occlusion  gives  an  ine¬ 
quality  relating  the  depths  of  the  vertices  on  the  same  line  of 
sight,  but  lying  on  different  faces  of  the  3D  scene  [Sugihara] . 
Currently,  inequalities  are  not  handled  and  we  rely  only  on 
coplanarity  and  projection  constraints.  The  next  section  will 
describe  the  algebraic  form  of  these  constraints  in  detail. 

3.  ALGEBRAIC  CONSTRAINTS 

As  indicated  above,  we  view  an  object  model  to  be  a  sys¬ 
tem  of  algebraic  equations.  These  equations  come  from  vari¬ 
ous  sources: 

1.  The  affine  transformation  of  vertices. 

2.  The  constraints  on  vertex  groups. 

One  such  vertex  group  is  the  face.  The  constraints 

associated  with  the  face  is  the  coplanarily  of  the  face’s 

vertices. 

The  above  constraints  correspond  to  constraints  derived 
from  a  sinale  imaee.  Additionally,  we  want  to  determine 
whether  an  assignment  of  vertices  between  vertex  groups  of 
two  images  is  consistent.  These  constraints  arc  introduced 
by  equating  vertex  variables  between  tire  two  image'.;. 

The  basic  idea  behind  our  approach  is  to  use  these  con¬ 
straints  to  form  maximally  consistent  assignment  sets.  A 
r.iaxffitttlfy'  JBMgt’rTOWi!  wsi  «  *  wwdsWol  mm  of 

vertex  assignments  such  that  the  addition  of  any  additional 


vertex  assignment  would  cause  inconsistency.  The  set  of 
equations  associated  with  a  maximally  consistent  assignment 
set  forms  a  model  for  the  object. 

A  set  of  constraints  may  be  consistent  simply  because 
there  are  too  many  degrees  of  freedom.  Such  a  set  of  con¬ 
straints  is  of  little  use  in  further  refining  a  model.  Thus, 
when  we  use  a  vertex  group  to  constrain  a  set  of  assign¬ 
ments,  we  want  to  make  sure  that  its  constraints  arc 
sufficiently  strong  to  either  cause  inconsistency,  or,  in  case  of 
a  consistent  assignment,  to  allow  us  to  significantly  refine  the 
model.  Thus  it  is  natural  for  us  to  ask  to  what  extent  docs  a 
vertex  group  refine  our  31)  model  and  allow  us  to  detect  in¬ 
consistency.  We  will  pursue  these  questions  in  this  section. 

We  start  with  the  affine  transformation  equations  for  a 
vertex  group  consisting  of  n  vertices.  These  equations  were 
presented  earlier.  As  indicated  there  are  two  equations  per 
vertex,  one  each  for  x  and  y.  Thus,  if  we  arc  trying  to  deter¬ 
mine  the  consistency  of  two  images,  we  will  have  a  total  of 
4n  equations,  2n  for  each  image.  Of  course  these  equations 
are  not  necessarily  independent  of  each  other.  As  for  the 
unknowns,  there  arc  six  parameters  for  each  transformation, 
the  three  angles,  the  two  translation  parameters,  and  the 
scaling  factor.  Additionally,  the  x,  y,  and  z  components  of 
each  object  vertex  arc  unknown,  giving  an  additional  3n  un¬ 
knowns.  Thus  if  we  just  consider  the  equations  generated 
from  the  affine  transformation,  we  have  4n  equations,  and 
3n  +  12  unknowns.  If,  with  no  loss  in  generality,  we  assume 
that  the  object  coordinate  frame  is  the  same  as  the  coordi¬ 
nate  the  ItatVie  lui  one  of  the  linages  tiVnu  is,  i is  transforma¬ 
tion  is  simply  identity),  then  we  have  2n  equations  and  n  +  6 
unknowns.  Thus  with  no  other  constraints  we  need  at  least 

•5TX  V  iTCiCCS  m  u  vl'  .  ,X  5  To  lip  To  uii  iniOhaiMoill  ioai£,n- 

meni. 

Now  suppose  that  the  vertex!  group  is  additionally  con¬ 
strained  to  lie  in  a  plane.  The  equation  describing  co¬ 
planarity  is:  ax  +  by  +  cz  +  d  =  0,  where  a,  b,  c,  and  d  arc  new 
Variable"  whfe'fr  determine  a  fter mm  fs.y.z)  is  a  vertex  tti 
the  object.  For  each  point  in  the  vertex  group  there  will  be 
one  plane  equation.  Thus  for  a  vertex  group  representing  a 
face  with  n  vertices  there  will  be  3n  equations  and  n+  10  un¬ 
knowns.  Thus  with  no  other  constraints  we  would  need  at 
least  five  vertices  m  a  vertex  group  to  tided  «n  iricofisistem 
assignment. 

Note  that  a  similar  analysis  can  be  found  in  ISugihara], 
who  also  represents  constraints  as  sets  of  equations.  A  major 
difference  between  our  approaches  is  the  manner  in  which 
under-constrained  equations  tire  handled.  Sugihara  deals 
iulb  tltf  pin!  by  imirmllhHilfi  txul  Jlunclkitu.  £ui  '•  WlUftly 
and  texture  properties,  and  then  uses  a  minimization  pro¬ 
cedure  to  select  from  the  set  of  under-constrained  solutions  a 
“best”  solut.v.  In  our  approach  we  trv  to  infer  as  much  as 
possible  from  the  available  constraints  by  solving  the  set  of 
equations  symbolically.  An  advantage  of  Sugihara’s  method 
lit  Ibsi  iv*  rail  afc*fj  wUll  itv’ry  itfiJr’s  *Ml  Itt  wunc  i-iv 

prcci.se  data.  A  main  advantage  of  our  approach  is  that  a  set 
of  algebraic  equations  can  naturally  represent  a  set  of  multi- 

life  Soil'll  if)  Tlx  lu  iiTi  ui'idci  -cunsli  limed  pioWem,  i.c  ,  \vc  ale 
not  forced  to  select  a  specific  solution. 

tl'e  w*  dev* ft*?  wM*  synirMs:  Iw  ■***!*£ 
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4.  TESTING  CONSISTENCY 


Given  u  set  ol'  equation's  that  describe  the  illlni  i  py.v- 
uon,  topologiciil  properties,  and  geometric  pjjjgpeltics  hi 
vertex  group,  we  must  be  able  to  solve  the  Following  prob¬ 
lems: 

1.  Is  an  assignment  ol'  vertices  in  two  projections  con¬ 
sistent? 

2.  Given  a  consistent  assignment,  what  can  we  conclude 
about  the  transl'ormation  parameters  and  depth  ol'  the 
object? 

3.  Given  two  vertex  groups  with  consistent  assignments, 
can  they  be  merged  in  a  consistent  manner? 

The  approach  to  these  problems  is  the  same  approach 
used  in  [Kapur]  to  prove  geometry  theorems.  The  main  idea 
is  that  a  set  of  assignments  is  consistent  if  and  only  if  the 
equations  describing  the  assignments  have  a  common  zero. 
The  remaining  problems  can  be  solved  as  a  by-product  of 
testing  the  consistency  of  a  set  of  equations. 

Algebraic  Foundation 

As  indicated  above,  the  main  problem  is  to  determine 
whether  a  set  , f  ennui, ns  have  a  numnum  fern.  In  this  sec¬ 
tion  we  give  a  precise  formal  description  of  this  problem. 

Given  the  field  Q  of  rationals,  let  Q [ x , . xn]  be  the  set 

of  all  polynomials  with  variables  xt .  xn,  and  rational 

coefficients.  We  will  be  considering  solutions  of  equations  in 
0[x|,  ...,  xn]  belonging  to  the  set  of  complex  numbers  C. 

Definitions:  Let  p  €  Q[xt . xnF  The  equation  p  =  0  is 

consistent  iff  there  exist  v, .  vn  6  C,  such  that 

p ( v | . vn),  the  result  of  substituting  v,,  ...,  vn  for 

X| . x„,  respectively,  in  p  evaluates  to  0.  < v , ,  ...  v,,)  is  a 

zero  of  p  in  Cn.  The  equation  p  =  0  is  inconsistent  otherwise. 
Given  a  set  S  C  Q[xi  ....  xn],  S  is  consistent  ill’  there  exist 
v,  ...  vn  t  L,  such  that  lor  every  p  fc  b,  p(v,  ...  v„)  evalu¬ 
ates  to  0.  The  set  S  is  inconsistent  otherwise, 

Giver  two  images,  11  and  42.  lei  SI  be  the  pel  crea¬ 
tions  generated  from  II,  and  S2  be  the  set  of  equations  gen¬ 
erated  from  12,  then  the  problem  of  testing  whether  a  set  of 
vertex  assignments,  VA,  is  consistent  is  almost  equivalent  to 
the  pf,  1  !es!*ng  wTi-lhcr  J.bt  sci  of  eirnvmuTTs 

T=SIUS2UVA  is  consistent. 

The  two  problems  are  not  exactly  identical  since  a  set  of 
polynomial  p^njiions  a*  r  nsislenl  even  if  Ihc  only  common 
zeros  are  complex,  whereas  in  this  case  the  set  of  vertex  as¬ 
signments  would  not  be  physically  realizable.  There  arc  other 
approaches  that  avoid  this  problem  (see  for  example  [ Ar¬ 
il  o  n  ]  ) ,  but  they  are  considerably  more  computationally  ex¬ 
pensive  than  our  approach. 

Hilbert’s  Nullstcllensatz 

Hilbert’s  Nullstcllensatz  [van  tier  Waerden]  allows  us  to 
determine  whether  a  set  of  equations  is  consistent. 

I  a  •'  a  tj.cbtil  I  imi  At  *||  4Jm  txfin- 

mon  zeros  of  p,  ,  pf  in  the  n-dimensional  lifiine  space  of  C, 
then  pc|=h|P|  +  h2P2+ ... +hiP|  for  some  natural  number  q  and 
polynomials  h j ,  h2 . h,  6  Q[x|,  ...,  x„[. 

A  special  case  of  the  above  theorem  is  the  following  im¬ 
portant  corollary:  If  p, . p,  have  no  common  zeros  in  the 

n-dimensional  alline  space  of  C,  then  1  belongs  to  the  ideal 
generated  by  p, . pf. 


Thus  die  problem  of  testing  whether  a  set  of  vertex  as¬ 
signments  is  consistent  is  reduced  to  the  problem  of  testing 
whether  the  ideal  generated  by  a  set  of  polynomials  contains 
I.  Our  method  of  solving  this  problem  uses  the  Grdbner 
basis  computation  described  next. 

I  he  Grii finer  Basis 

An  important  problem  in  Ideal  theory  is  the  ideal 
membership  problem  Given  a  set  of  polynomials,  S,  let  (S) 
denote  the  ideal  generated  by  S.  The  set  S  is  called  a  basis  of 
the  ideal  (S).  Given  a  polynomial,  p,  and  a  basis  S,  the  ideal 
membership  problem  is  to  determine  whether  p€(S). 
[Buchberger]  invented  the  Grdbner  basis  to  solve  this  and 
other  problems  in  polynomial  ideal  theory.  Intuitively  a 
Grdbner  basis,  G,  is  a  set  of  polynomials  that  have  the  prop¬ 
erty  that  when  used  as  rewrite  rules  they  will  reduce  any  po¬ 
lynomial  in  (G)  to  0. 

Polynomials  as  Rewrite  Rules 

The  main  idea  behind  the  Grdbner  basis  is  to  view  a  set 
of  polynomials  as  a  rewrite  system.  A  Grdbner  basis  is  then  a 
finitely  terminating,  confluent  rewrite  system.  Before 
proceeding  further  we  give  some  general  background  on 
rewrite  systems 

A  rewrite  rule  is  a  pair  (l,r),  usually  written  I  —  r.  I  is 
called  the  left  hand  side,  r  the  right  hand  side.  A  rewrite 
rule  can  rewrite  an  "object’’  if  some  part  of  the  object 
matches  the  left  hand  side  of  the  rule.  For  example  the 
siring  rewriting  rule,  a  —  b,  can  rewrite  the  string  ab  to  bb. 
A  rewrite  system  is  a  collection  of  rewrite  rules.  If  an  object 
cannot  be  rewritten  any  further  then  the  object  is  said  to  be 
in  Mmal  form.  We  use  the  notation  s  —  Ki.  to  mean  that  s 
can  be  rewritten  to  t  in  one  step  using  rewrite  system  R. 
s  ~-j(  t  means  that  s  can  be  rewritten  in  arbitrarily  many 
steps  to  t. 

r  tv.  Htif.-rfimt  systems  m  frfrits  Wf 

mination  and  confluence.  Definition:  — ■  is  Jiniteiv  terminating 
(sometimes  called  noetlterian)  ill  there  does  not  exist  an 
ir.linrtc  sequence  l,  ...  .  Tot  os  amide,  ihe  iwrtt 

system: 

a  —  b 

b  —  a 

IS  rrot  Tnmt-n  Tc  i  ^|ll  liili  i  !£,  Slllee  tile  VTilug  a  eaTT  E/L  le.Vlitten 

indefinitely. 

Definition:  —  is  conJInent  UT 
t'M,45,4jU1-*4j  *  ly  — f  l,  — *1,1. 

Intuitively,  this  means  that  if  an  object  can  be  rewritten  in 
two  different  ways  to  different  objects  then  the  two  different 
objects  can  eventually  be  rewritten  back  to  a  common  object. 
If  a  rewrite  system  is  both  finitely  terminating  and  confluent 
then  every  object  has  a  unique  normal  form.  For  example, 
the  rewrite  system: 

a  —  b 

ah  —  b 

lie  itoi  H,tt-4u£Jlf  Vitice  lltr  siriflc  ah  JUrt  hen  Mtliflul  Jnituv. 

namely  bb  and  b.  By  adding  the  rule  bb  —  b,  the  above 
rewrite  system  can  be  made  confluent. 

We  now  show  how  a  set  of  polynomials  can  be  viewed  as 
a  rewrite  system,  and  how  from  a  finite  set  of  polynomials 
we  can  generate  a  finitely  terminating,  confluent  rewrite  sys¬ 
tem,  i.e.  a  Grdbner  basis.  Wc  first  show  how  a  polynomial 
can  be  viewed  as  a  rewrite  rule 
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Given  a  polynomial  ring,  Q[x,  ....  x„],  with  indeier 
minates  Xi  , xn,  and  codTicicnts  from  Q,  we  define  i  term 
as  a  sequence  of  indelerminates  or  1.  A  monomial  is  a  term 
with  a  coefficient  from  Q  The  simplified  sum-ol'-producls 
form  of  a  polynomial  is  a  sequence  of  monomials  all  with 
Jislir.a  terim  I  f  rftiivg  assoefatfrrty.  coTrtnr otvirf ? ,  „nj  j;., 
tribulivity  any  polynomial  can  be  put  into  simplified  sum-of- 
producls  form. 

For  example,  givcr,  the  pvlyiv,r,MaI  G|;i2  f  x2  t 
its  simplified  sum-of-products  form  is  x , x ! x2  f  2X|X2.  This 
polynomial  will  usually  be  written  as  x2x2  +  2x,x2. 

We  want  to  turn  a  set  of  polynomials  into  a  finitely  ter- 
iiiinatirig  lcwiiic  sysltih.  "The  general  niuTiod  of  ensuring 
that  a  rewrite  system  is  finitely  terminating  is  to  determine  a 
well  founded  ordering,  >,  on  polynomials  and  to  make  sure 
that  for  every  rewrite  rule  I  — r,  l>  r  Thus  in  order  to  use 
polynomials  as  rewrite  rules  we  must  first  define  a  well 
fot-i  Vd  onlrii  ■  (  J#  m  -ial* 

We  start  by  first  defining  an  ordering  on  the  indeter- 
minales:  x,  <  x2  <  ...  <  xn.  This  ordering  induces  a  total 
Oideriug  on  teul'is  in  many  different  ways,  two  of  which  are 

1.  Total  degree  ordering 

It  ihto  ortWtFtj  nwt  Uptlr*  iut  n  i,  =  flw 

number  of  indelerminates  in  t.  For  example, 
deg (x |2x 3 )  =  3,  and  deg ( 1 )  =  0.  Terms  are  compared  in 
the  T.llowing  way: 

i.  if  cJeg(t] )  <  deg(t2)  then  t,  <  t2 

ii.  if  deg(t|)  =  deg(t2)  then  compare  t|  and  t2  using 
lexicographic  ordering. 

For  example  x2  <  xf  since  deg(x2)  <  deg < x ,2) . 

2.  Lexicographic  ordering 

In  this  ordering  terms  are  only  compared  lexicograph¬ 
ically,  the  degree  of  a  term  is  not  taken  into  account. 
For  example  xf  <  x2,  since  xf  is  lexicographically 
smaller  than  x2. 

The  ordering  that  we  choose  to  use  depends  on  the  appli¬ 
cation  we  have  in  mind.  In  general,  the  degree  ordering  is 
preferable  if  we  arc  just  trying  to  detect  contradiction,  while 
the  lexicographic  ordering  is  preferable  if  we  want  to  solve  a 
syswn-  vd  tn  Tltis  will  xlitjciiuiietl  -futHlwt  lt#w 

In  any  case  both  orderings  can  be  extended  to  monomials 
and  then  to  polynomials.  If  in,  =  Cjf|,  and  m2  =  c2l2,  where 
cj  and  Ci  are  coefficients  and  t)  and  t2  arc  terms  then  m |  <. 
m2  iff  t|  <  l2. 

Let  P|,  and  p2  be  two  polynomials  such  that 
Pi  =  ni|  +  m2  +  .  +mk,  and  p2  =  h,  +  h,  +  ...  +  h,,  both  in 
simplified  sum-of-products  form,  with  ni|  >  m2  >  >  mk, 

and  h,  >  h2  >  ...  >  h,.  Then  p,  >  p2 i(T  Eli  <  1  (in,  >  h,A V 

j  <  i  (m,  =  hf)).  It  is  easy  to  see  that  this  totally  orders  poly¬ 
nomials. 

In  polynomial  p, ,  above,  m,  is  called  the  head  monomial, 
and  pi  can  be  transformed  to  the  following  rewrite  rule: 
m |  ■  -  m2  — ...  —  mk.  1  his  rewrite  rule  is  finitely  terminating 
since  unctcr  our  ordering  m,  is  greater  than  the  polynomial 
—  m2—  ...—  m*.  Note  also  that  by  dividing  the  entire  polyno¬ 
mial  by  C|  we  can  always  form  rewrite  rules  whose  left  hand 
side’s  coefficient  is  1. 


Now  that  we  have  a  way  ol  ensuring  finite  termination, 
we  want  to  he  able  to  ensure  confluence  Intuitively  the  wav 
confluence  is  ensured  is  m  look  at  the  polynomial  rewrite 
system  and  try  to  determine  the  possible  ways  that  n  could 
be  used  to  rewrite  a  polynomial  in  more  than  one  way  This 
is  aoiu  by  taking  two  rttics  and  Irom  tneir  left  hand  sides 
forming  a  new  term  that  can  be  rewritten  by  both  rules  1  or 
example,  given  the  following  two  rules: 

t.  x | x t  — ■  r j  tr,  is  this  rule  s  right  .hand  side  whatever  it 
mav  be  ) 

2.  x2x,  —  r, 

!!'  wa  ifdx?  (4«  arfttfr.a!  mtt-K+pfe  Wwffl  of  the  wo 
hand  sides  we  get  x,x2x2,  which  can  be  rewritten  by  both 
rules.  Using  rule  1  it  rewrites  to  X;*i|.  Using  rule  2  it 
rewrites  to  x,  1  r2.  in  order  to  ensure  confluence  it  must  be 
the  case  that  the  polynomial,  x2*r|-X|*r2.  reduces  to  0. 
This  polynomial  is  called  an  s-polvimmial  ofjtule.  I  and  rule  2 
and  we  say  that  rule  1  and  rule  2  overlap.  If  with  the  current 
set  of  rules  this  polynomial  does  not  reduce  to  0  then  we  can 
force  it  to  reduce  to  0  by  transforming  its  reduced  form  to  a 
rewrite  rule  and  adding  it  to  the  current  system  This  is  the 
basic  step  of  the  Grobner  basis  computation,  and  is  repeated 
until  all  s-polynomials  reduce  to  0.  Additionally,  it  is  useful 
to  use  ihc  new  polynomial  to  reduce  me  existing  polynomi¬ 
als,  hopefully  causing  previous  polynomials  to  reduce  to  0. 
Note  that  the  polynomials  that  can  be  reduced  using  the  new 
rule  have  to  be  removed  from  the  current  rule  set  and 
formed  into  new  rules. 

Here  is  an  outline  of  the  Grobner  basis  algorithm- 

input:  F,  a  finite  set  of  polynomials. 

Output:  G,  a  Grobner  basis,  such  that  (G)  =  (F). 

1  G  :=  0;  pairsel  :=  0;  newjwlys  :=  F 

2  loop  until  1  €  G  or  (pairsel  =  0  and  ncw_polys  =  0) 

3  loop  while  ncwjiolys  ^  0 

4  p  :=  a  polynomial  from  new_polys 

5  new  polys  :=  ncwjiolys  -  (p) 

6  G:=GU  (p) 

7  add  to  pairsel  pairs  of  polynomials  with  p  and 

polynomials  in  G 

8  (pi , p 2 )  :=  pair  from  pairsel 

9  sp  :=  normal  form  of  s-pofynomitiKpl  ,p2| 

lu  remove  irom  u  any  polynomials  mat  are  rccTuceable  by 
sp,  remove  their  corresponding  pairs  from  from 
pairset,  and  add  these  polynomials  to  new  polys 
II  i  el  u  1 1 1  G 

Buchberger  showed  the  correctness  and  termination  of 
this  algorithm  [Buchberger]. 

Wr  will  illiisfiHif'  iftr  ilg'.rH h’n  vti'li  a  few  «-■  vifJi'* 


Example  1: 

Let  F  =  [x2y-y2,xy2  3],  with  x>\  Turning  these 

equations  into  rewrite  rules  using  total  degree  ordering  yield: 

1.  x2y  —  y2 

2.  xy2  -  3 

Rules  1  and  2  yield  the  following  s-polynomial: 
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2 

3x 

Thus  yielding  rule: 

3.  y3  —  3x 

Rules  2  and  3  overlap  in  the  following  manner: 


Thus  yielding  rule: 

4.  x2  —  y 

This  new  rule  simplifies  rule  I  to  0,  thus  deleting  it.  Rules  2 
and  4  overlap: 


This  results  in  the  polynomial  y3-3x,  which  can  be  reduced 
to  0  by  rule  3.  Rules  3  and  4  do  not  have  to  be  overlapped 
since  they  do  not  have  any  variables  in  common,  and  the  re¬ 
sulting  s-polynomial  would  trivially  be  reducablc  to  0  using 
rules  3  and  4. 

Since  there  arc  no  pairs  that  we  have  not  considered, 
rules  2,  3,  and  4  form  a  Grobner  basis  for  F. 

Example  2: 

This  example  illustrates  how  the  Grobner  basis  can  be 
used  to  detect  inconsistency: 

Let  F  =  (x3  +  x-  12,  xy-  12, y2- 4)  with  x  >  y.  Turning 
these  equations  into  rewrite  rules  using  total  degree  ordering 
yield: 

1 .  x 2  — “  —  y  -r  12 

2.  xy-  12 

3.  y2  — 4 

Rules  I  and  2  overlap: 

—  xy  +  I2y  12x 
After  reduction  this  results  in  the  rule: 

4.  x  —  y— I 

Which  can  be  used  along  with  rule  3  to  reduce  rule  2  to: 

5.  y  —  8 

Rule  5  then  reduces  rule  3  to: 

6.  1  -  0. 

and  we  have  a  contradiction,  showing  that  the  original  set  of 
polynomials  do  not  have  common  zero. 

Example  3: 

This  third  example  illustrates  a  major  drawback  of  this  ap¬ 


proach  the  following  equations  do  not  have  a  common  r 
zero,  but  they  do  have  a  eommon  complex  zero,  thus  th 
Grobner  basis  does  not  contain  1. 

Let  F  =  (x  +  1).  This  polynomial  is  its  own  Grobner  basis, 
and  yei  it  does  not  have  a  real  zero. 

Example  4: 

This  example  illustrates  how  the  solution  to  a  set  of  equa¬ 
tions  can  be  found  using  lexicographic  order. 

Let  F  =  {x2y  —  y2’  xy2  —  3),  with  x  >  y,  as  in  example  I. 
Turning  these  equations  into  rewrite  rules  using  lexicographic 
ordering  yield: 

1.  x2y  — y2 

2.  xy2  —  3 

Rules  1  and  2  yield  the  following  s-polynomial: 


y  3x 

Thus  yielding  rule: 

3.  x—  l/3y3 

Note  that  this  rule  is  oriented  differently  than  in  example  1. 
Rule  3  can  then  be  used  to  simplify  both  lules  i  and  2.  It 
turns  that  both  these  rules  simplify  to 

4.  y5  -  9 

Thus  the  final  Grobner  basis  consists  of  the  polynomials: 

1.  y5 —  9 

2.  x  —  l/3y3 

Note  that  the  first  polynomial  is  in  terms  of  only  y,  while  the 
second  is  in  terms  of  x  and  y.  Thus,  solving  the  first  equa¬ 
tion  for  y  and  plugging  in  this  value  in  the  seeond  equation 
yields  the  solution: 

y  =  32/5  and  x  =  3 1/5 

In  general,  running  the  Grobner  basis  computation  using 
lexicographie  ordering  generates  triangular  sets  of  equations 
like  the  one  in  this  example. 

Wc  now  give  examples  of  the  use  of  the  Grobner  basis  in 
solving  our  image  understanding  problem. 

5.  EXAMPLES 

In  this  section  wc  illustrate  the  application  of  our  method 
on  a  very  simple  object.  We  defined  a  20  by  20  by  20  eube 
centered  about  the  origin  and  formed  two  orthographic  pro¬ 
jections  of  it  along  two  diagonals.  The  resulting  images  are 
shown  in  Figure  5.1.  The  first  image  corresponds  to  a  rota¬ 
tion  of  45  degrees  around  the  x-axis,  followed  by  a  rotation 
of  -35.26  degrees  around  the  y-axis,  followed  by  a  rotation 
of  —30  degrees  about  the  z-axis.  The  second  image 
corresponds  to  a  rotation  of  —45  degrees  around  the  x-axis, 
followed  by  a  rotation  of  -35.26  degrees  around  the  y-axis, 
followed  by  a  rotation  of  30  degrees  about  the  z-axis.  From 
these  projections  the  x  and  y  components  of  the  two  images 
were  calculated.  Since  these  are  real  numbers  and  the 
Grobner  basis  method  requires  exact  coordinates,  these 
numbers  had  to  be  represented  by  using  polynomial  equa- 
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tions.  For  example,  if  the  x  component  of  a  point  is  2001'2, 
then  it  would  be  input  as  x2- 200  =  0,  instead  of  as 
*=l4  142111.  tiL'U'  t fetal  ihe* -CUl Ixx'i  basw 
us  to  distinguish  between  +2()0I/2  and  — 2001'2.  However,  if 
"e  have  two  points  X|  and  x2,  one  whose  value  is  +200l/2 
id  the  other  whose  value  is  -200l/2,  then  these  can  be 
represented  by  the  two  equations,  x2- 200=0,  and 
X|  +  x2  =  0. 

We  performed  several  experiments  testing  algebraic  con¬ 
sistency  on  this  cube.  These  experiments  were  performed 
using  an  implementation  of  the  Grobner  basis  algorithm  run¬ 
ning  on  the  Symbolics  lisp  machine.  These  experiments  are 
described  below: 

Experiment  1:  Determining  depth  given  the  transformation 
between  the  two  views. 

In  this  experiment  we  took  the  face  corresponding  to  ver¬ 
tices  1,  z,  J,  ana  4  in  l-igurc  5.1  as  our  vertex  group.  The 
set  of  equations  corresponding  to  this  problem  consists  of  the 
union  of  the  following  equations: 

1.  The  trig  identity. 

This  set  consists  of  the  equations  of  the  form 
eua2#  +  s+r2^  -  !,  ote  'uf  _frcrl.  uf  sts  "fotatrori  a., 
gles  (three  per  image).  Note  that  the  angles  themselves 
are  not  actually  the  indeterminates  in  the  problem.  The 
actual  indeterminates  are  the  sine  and  cosine  of  the  an¬ 
gles.  Thus  for  angle,  i //,  there  would  correspond  two 
variables,  cos  psi,  and  sin  psi. 

2.  The  specification  of  the  transformation  between  the  two 
images. 

To  simplify  the  computation  we  used  the  cooru.natc 
system  of  the  first  image  as  the  object  coordinate  system. 
This  meant  that  the  three  angles,  i/q,  t)h  and  <l>\, 
corresponding  to  rotation  about  the  x,  y,  and  z  axis, 
respectively,  are  all  0.  This  is  specified  by  the  equations: 
cos_psi_l  -1=0,  and  sin_psi_l  =  0,  etc. 

The  transformation  from  image  1  to  image  2  is  given 
by  i//2  =  -70.53,  02  =  0,  and  </)2  =  0.  Since 

cos(— 70.53)  =  1/3,  and  sin ( —  70.53)  =  8/9l/2,  the  equa¬ 
tions  for  1 1>2  are  3cos_psi_2— 1  =  0,  and 
9sin_psi_22  -  8  =  0. 

Note  that  this  set  of  equations  makes  the  trig  identity 
equations  redundant. 

3.  The  specification  of  the  image  points  in  terms  of  the  ob¬ 
ject  points. 

As  indicated  earlier,  the  general  equation  for  the 
points  in  the  second  image  in  terms  of  the  first  image  is 

p2  =  w[l2]  [Rz]  [Ry]  [Rj  [p|]  +  pq 

In  this  example  w  is  1,  and  p[)  is  0.  Thus  only  the  ro¬ 
tation  matrix  is  left.  Instead  of  multiplying  the  three  ro¬ 
tation  matrices  out  we  simply  added  intermediate  vari¬ 
ables  to  keep  track  of  the  values  after  the  rotations 
about  each  axis.  For  example,  the  equations  describing 
the  rulatio..  of  the  object  point  xu  into  the  image  point 
x,  would  be 

x,-x0  =  0 

x2  —  (xcosO  +  ysinW)  =  fi 

x  —  (xcus^r=ysiii(/i  t  =  U 


In  experiments  it  turned  out  that  factoring  th<  equations 
this  way  sped  up  the  Grobner  basis  computation.  We 
W  §1  idJttr  {i)t  Hhj  ioohT  rates  eee+i  potrrt 

in  the  image 

4.  The  coplanarity  equations. 

For  each  point,  (x,  y,  z)  in  a  vertex  group  we  would 
add  the  equation,  ax  +  by  +  ez  +  d  =  0.  Since,  in  our  ex¬ 
ample  none  of  the  cube’s  faces  passes  through  the  ori¬ 
gin,  we  know  that  d  is  not  0.  This  lets  us  divide  the 
equation  by  d,  giving  us  a  simpler  equation, 
ax  +  by  +  cz+ 1  =  0.  We  have  an  equation  such  as  this 
for  each  point  in  the  vertex  group. 

5.  The  vertex  assignments. 

In  order  to  equate  point  p  in  image  1  with  objeet 
coordinates  x,  y,  and  z,  with  point  p'  in  image  2  with  ob¬ 
ject  cvrdiruucs  *'  y'  art)  r\  we  wuuld  a»i<l  the  thret 
equations: 

x'-  x  =  0, 

y'—  y  =  0,  and 

z'—  z  =  0. 

In  this  example  we  assigned  vertex  1  in  image  1  to 
vertex  1  in  image  2,  vertex  2  in  image  1  to  vertex  2  in 
image  2,  and  so  on. 

The  union  of  all  these  equations  made  up  the  input  to  the 
Grobner  basis.  In  all  there  were  126  equations.  (Some  of 
these  are  shown  in  Figure  5.2.)  However,  many  of  them  are 
redundant.  After  272  seeonds  and  43  critical  pairs  the 
Grobner  basis  was  computed.  It  consisted  of  119  polynomi¬ 
als,  including  the  solution  to  the  vertex  depths. 

Experiment  2:  Determining  inconsistency  given  the  transfor¬ 
mation  between  the  two  views. 

This  problem  is  very  similar  in  )  Ht;  first  To  Hem  Tie 
only  difference  is  in  the  assignment  set.  Instead  of  the  con¬ 
sistent  assignment  given  above,  we  gave  it  the  inconsistent 
assignment: 

vu  =  v2..r 
V|,2  =  v2,i 
V|,3  “  v2,4 

V|.4  =  V2.2 

where  Vy  is  vertex  j  in  image  i.  After  48  seconds  and  0  criti¬ 
cal  pairs  the  Grobner  basis  delected  inconsistency.  Note  that 
deteelin(  inconsistent  it  omtlt  eiWilct’  tfUHi  A-Wflrilittf  t  T- 
sistency.  This  is  because  contradiction  might  be  detected 
well  before  all  possible  pairs  are  examined. 

Experiment  3 :  Computing  the  Grobner  basis  without  giving 
the  transformation  between  views. 

This  problem  is  severely  underconstrained.  In  fact,  with 
only  one  face  of  the  cube,  any  assignment  is  consistent. 
Given  the  same  assignment  as  in  experiment  1,  the  Grobner 
basis  computation  ran  for  1  hour,  generating  1824  critical 
pairs.  The  depths  and  rotation  parameters  were  still  only  par¬ 
tially  constrained.  Given  the  assignment  in  experiment  2, 
the  lisp  machine  ran  out  of  space  before  finding  a  Grobner 
basis. 

Exp4rim^tt)  t:  rii; ,g  *  w,ist*teid  flssfgrwrtKrt-  with 
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another  vertex  group. 

In  this  problem  we  took  the  Grobner  basis  generated  in 
the  previous  experiment  and  added  to  it  the  equations 
corresponding  to  the  face  containing  vertices  3,  4,  5,  6  (see 
Figure  5.1).  With  a  consistent  assignment  the  Grobner  basis 
terminated  after  10  hours,  22  minutes  and  4432  critical  pairs. 
With  an  inconsistent  assignment  the  Grobner  basis  detected 
inconsistency  after  4  hours,  15  minutes  and  2055  critical 
pairs. 

Further  Experiments : 

We  performed  further  experiments  on  the  cube  by  modi¬ 
fying  some  of  the  experiments  above  to  include  a  scaling  fac¬ 
tor,  and  a  translation.  As  expeeled  this  resulted  in  longer 
running  times  for  the  Grobner  basis  computation,  but  these 
problems  still  finished. 

While  the  above  experimenls  hnye  teen  S'  mewtiul  suc¬ 
cessful,  they  indicate  a  need  to  make  progress  on  several 
fronts. 

6.  EXTENSIONS 

Thi.  twlcntfivi.  rv  ejurUilu  required  f  r  Ftui  b’a  fi£ii«  in 
the  previous  section  clearly  indicates  a  need  to  reduce  the 
size  of  the  Grobner  basis.  This  is  crucial  when  we  want  to 
augment  a  completed  Grubr.er  basis  with  additional  vertex 
groups,  or  when  we  want  to  merge  two  Grobner  bases  to¬ 
gether. 

In  these  cases  we  would  like  to  be  able  to  extract  from 
the  Grobner  basis  only  the  information  that  is  likely  to  cause 
inconsistency.  For  example,  in  experiment  1  above,  many  of 
Uno  rid  TymjnnialJS  in  the  fin>.t  irmlvnd  ady  ih,  inUm- 
mediate  variables  used  to  specify  the  image  points  in  terms 
of  the  object  points.  Once  the  basis  has  been  computed, 
these  intermediate  variables  are  no  longer  of  any  use.  The 
information  that  will  be  useful  are  the  equations  involving 
the  affine  transformation  parameters,  and  the  unknown  ver¬ 
tex  depths. 

This  intormation  can  be  isolated  by  using  the  lexicograph¬ 
ic  ordering  instead  of  the  degree  ordering.  Howevei,  run¬ 
ning  the  GK'tnet  baSfa  wiTh  texteugfaphie  otdcrmg  can  be 
considerably  more  expensive  than  using  degree  ordering.  An 
alternative  is  to  first  generate  a  Grobner  basis  using  degree 
ordering,  and  then  run  the  Grebner  basis  ronupatnfen  on 
the  resulting  set  of  equations  just  long  enough  to  generate 
the  equations  constraining  the  indelerminates  that  we  arc  in¬ 
terested  in. 

Another  line  of  attack  would  be  to  classify  a  type  associat¬ 
ed  with  small  groups  of  equations.  The  type  elttss  would  be 
determined  by  geometric  and  topological  relations  that  define 
the  group.  If  such  a  type  function  can  be  defined,  then  it 
would  be  possible  to  avoid  generating  elements  of  the 
Grobner  basis  that  can  never  lead  to  meaningful  geometric 
deductions.  That  is,  one  would  not  attempt  to  generate  criti¬ 
cal  pairs  between  rules  of  dissimilar  type.  One  example  of 
such  a  type  class  has  already  been  discussed,  the  coplanar  set; 
if  we  had  another  group,  say  three  mutually  perpendicular 
edges,  it  would  not  seem  meaningful  to  generate  critical  pairs 
across  these  two  equation  sets. 

Another  major  area  of  extension  is  the  control  mecha¬ 
nism  for  generating  hypotheses  and  maintaining  consistent 
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systems,  or  TMS,  where  one  maintains  a  network  of  depen¬ 
dencies  between  assumptions  and  conclusions.  In  our  case 
the  assumptions  concern  assignments  between  elements  of 
the  projections  in  the  two  views  as  well  as  assumptions  that 
may  be  made  about  the  object  or  the  viewing  transformation. 

The  other  aspect  is  to  use  a  hierarchy  to  define  the  con¬ 
trol  strategy.  Assumptions  about  the  object  and  viewing 
transformation  may  take  the  form  of  a  hierarchy  in  which 
more  specific  assumptions  arc  tried  and  relaxed  until  one 
finds  the  least  general  assumption  that  leads  to  consistency. 
For  example,  in  the  case  of  the  viewing  transformation,  per¬ 
spective  is  more  general  than  affine  which  is  more  general 
than  orthographic.  Correspondences  between  views  that  are 
inconsistent  under  orthography  may  be  consistent  under  per¬ 
spective.  The  same  type  of  hie.archy  can  apply  to  assump¬ 
tions  about  the  object;  for  example,  a  polyhedron  is  more 
general  than  a  rectilinear  solid,  which  is  more  general  than  a 
cube. 
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Figure  .3.1.  Local  labelings  at  a  node:  junction,  junction-pair, 
junction-loop. 
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Figure  5.2.  Part  of  a  Grobner  basis  input. 
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ABSTRACT 


Proposed  herein  are  novel  stereo  techniques  for  the 
determination  of  surface  orientation  from  a  single  view  and  a  single 
light  source  exploiting  the  physical  wave  properties  of  light  and  the 
basic  physics  of  material  surfaces.  Conventional  photometric  stereo 
techniques  consider  the  intersection  of  equi-reflectance  curves  that 
arise  in  gradient  space  while  varying  the  imaging  geometry  with 
respect  to  the  spatial  position  of  a  light  source.  Spectral  and 
polarization  stereo  methods  consider  the  intersection  of  equi- 
reflectance  curves  in  gradient  space  while  varying  the  wavelength 
(i.e.  color)  and/or  the  polarization  of  light  emanating  from  a  single 
light  source  while  leaving  the  imaging  geometry  invariant.  The 
reflectance  function  used  here  results  from  an  extended  form  of  the 
Torrance-Sparrow  model  which  is  dependent  upon  the  wavelength 
and  polarization  of  incident  light  as  well  as  various  physical 
parameters  of  the  material  surface.  This  reflectance  model  is  more 
accurate  than  commonly  used  i  ..mbertian  reflectance  models  and  is 
applicable  to  a  wide  variety  of  isotropically  rough  surfaces  ranging 
from  metals  to  paper.  Computer  simulations  of  the  intersections  of 
equi-reflectance  curves  that  arise  by  varying  incident  wavelength  and 
polarization  are  shown  for  two  different  types  of  materials;  a 
dielectric,  Magnesium  oxide  (used  in  white  paint)  and  a  conductor, 
Aluminum.  Two  different  methods  called  direct  and  indirect 
resolution  of  specular  and  diffuse  reflection  components  are  used  to 
minimize  measurement  error  and  to  resolve  intersections, 
respectively. 

An  interesting  problem  arises  for  stereo  methods  that  vary  only 
wavelength  and/or  polarization  of  the  incident  light  source. 
Measurement  of  surface  orientations  that  do  not  lie  on  the  source¬ 
viewing  axis  line  in  gradient  space  determined  by  the  origin  and  the 
point  representing  the  incident  orientation  of  the  single  light  source 
cannot  be  uniquely  resolved  any  better  than  up  to  a  two  point 
ambiguity.  This  results  from  an  inherent  "flip"  symmetry  induced  on 
each  equi-reflectance  curve  in  gradient  space  by  the  isotropic 
reflectance  function  being  used.  It  is  demonstrated  that  it  is  feasible 
to  break  this  inherent  symmetry  by  performing  spcctral/polarization 
stereo  methods  using  a  single  extended  light  source  with  a  variable 
"asymmetric"  aperature.  This  makes  it  possible  fo  obtain  a  unique 
measurement  for  surface  orientations  not  on  the  source-viewing  axis 
using  only  a  'ingle  light  source. 


1.  INTRODUCTION 

Previous  stereo  methods  such  as  the  traditional  stereo  method 
of  depth  determination  by  parallax  and  the  photometric  stereo 
method  for  the  determination  of  local  surface  orientation  ([Woodham 


1980])  entail  taking  successive  images  while  varying  some  aspect  of 
the  imaging  geometry.  Recently  it  was  reported  in  [Wolff  1986]  that 
stereo  vision  can  be  generally  formalized  fai  beyond  previously  used 
methods  by  taking  successive  images  while  varying  physical 
parameters  of  an  imaging  system  other  than  just  the  imaging 
geometry.  Spectral  and  polarization  stereo  methods  used  to 
determine  surface  orientation  are  a  particular  example  of  a  class  of 
stereo  methods  predicted  by  this  general  stereo  model. 

The  stereo  methods  presented  here  involve  using  the  familiar 
imaging  setup  as  depicted  in  figure  1  with  a  single  light  source 
incident  on  a  material  surface.  Standard  gradient  space  will  be  used 
throughout  to  represent  surface  orientation.  Spectral  stereo  entails 
varying  the  incident  wavelength  alone  between  successive  images. 
Polarization  stereo  entails  varying  the  incident  polarization  alone 
between  succesive  images.  Spectral  and  polarization  stereo  can  be 
combined  by  varying  both  the  wavelength  and  polarization 
simultaneously  between  successive  images.  Spectral  stereo  can  be 
implemented  by  using  various  narrow  pass  monochrome  color  filters 
and  polarization  stereo  can  be  implemented  using  various  polaroid 
filters.  All  other  physical  parameters  governing  the  imaging  system 
are  to  remain  unchanged.  As  in  conventional  photometric  stereo, 
local  surface  orientation  is  determined  by  measuring  the  image 
irradiance  value  at  the  pixel  corresponding  to  the  projected  object 
point  giving  rise  to  an  equi-reflectance  curve  in  gradient  space.  The 
projection  function  of  an  object  onto  the  image  plane  is  assumed  to 
be  orthographic. 


Because  of  its  simplicity,  the  Lambertian  reflectance  function 
is  used  in  numerous  applications  in  low  level  vision.  However  the 
reflection  of  light  off  a  material  surface  is  a  highly  complex  process 
dependent  on  the  imaging  geometry,  the  wave  characteristics  of  the 
incident  light  radiation,  the  micro-geometry  of  the  material  surface 
(e.g.  roughness)  and  the  internal  physics  (e.g.  electric  resistivity)  of 
the  surface  material  itself.  These  aspects  of  the  reflection  process 
beyond  the  imaging  geometry  account  for  why  the  reflective 
properties  ci  most  material  surfaces  deviate  from  the  Lambertian 
model. 


The  motivation  for  using  the  extended  Torrance-Sparrow 
reflection  model  (ETSRM)  is  twofold.  First,  as  just  mentioned,  the 
Lambertian  reflectance  model  is  too  simplistic  and  is  only  a,r  "licable 
to  a  very  narrow  class  of  materials  whereas  the  ETSRM  is  tut  more 
general.  Second  is  that  the  Lambertian  model  is  not  dependent  at  all 
on  the  wavelength  or  polaHzation  of  incident  light  which  would 
make  the  stereo  methods  ,onsidered  here  infeasible.  While  the 
ETSRM  may  be  relatively  new  to  the  computer  vision  community,  it 
is  popularly  used  in  computer  graphics  for  rendering  realistic  images 
of  smooth  material  surfaces  [Cook,  Torrance  1981], 


I 


s 


Si 


S 


s 


►  - 


■ 

KJ 


8 

a 


$ 


;*r 


$ 


$ 


810 


To  demonstrate  the  wide  applicability  of  the  ET5RM,  and 
therefore  to  spectral/polarization  stereo  methods,  simulations  of  the 
measurement  of  surface  orientation  will  be  performed  on  two  very 
different  types  of  materials.  The  first  is  Magnesium  oxide  (MgO) 
classified  as  a  dielectric  which  is  a  material  that  does  not  conduct 
electricity.  MgO  has  a  strong  diffuse  component  of  reflection.  The 
second  mater®.  J  is  Aluminum  which  is  a  conductor  and  has  a  strong 
specular  co  nponent  of  reflection.  As  will  be  seen,  the  distinction 
between  whether  a  material  is  a  dielectric  ora  conductor  is  important 
for  selecting  die  appropriate  spectral/polarization  stereo  technique. 


The  reflectance  function  resulting  from  the  ETSRM  is 
isotropic  in  the  sense  that  the  refected  radiance  from  a  point  on  a 
material  surface  is  independent  of  any  rotation  about  the  normal  to 
this  point.  This  induces  a  "flip"  symmetry  on  the  resulting  eoui- 
reflectance  curves  in  gradient  space.  A  formal  description  of  this  is 
given  in  section  7.  Because  the  imaging  geometry  is  left  invariant 
for  spectral/polarization  stereo  methods  the  equi-reflectance  curves 
produced  from  successive  images  possess  the  same  exact  "flip" 
symmetry.  This  makes  it  theoretically  impossible  to  measure  most 
surface  orientations  uniquely  beyond  a  two  point  ambiguity  using 
spectral/polarization  stereo  methods  with  a  single  point  light  source. 
A  technique  is  presented  to  break  this  "flip"  symmetry  by  using  a 
single  extended  light  source  subtending  a  solid  angular  area  which 
does  not  possess  the  same  "flip"  symmetry. 


Unless  stated  otherwise,  all  light  sources  mentioned  are 
assumed  to  be  point  light  sources.  For  brevity,  the  term 
source-viewing  plar.e  in  this  paper  refers  to  the  plane  determined  by 
the  incident  source  orientation  vector  (represented  by  (Ps,  Qs,  -1)  ) 
and  the  viewing  orientation  vector  (assumed  to  be  (0,  0,  -1)  ).  The 
source-viewing  axis  is  the  line  in  gradient  space  determined  by  the 
origin  and  the  point  (Ps,  Qs). 
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2.  1  HE  La  1  hNUED  TOUUANCL-SLAUUuW  REFLECTION 
MODEL 


the  Lambertian  reflectance  function  which  accounts  for  multiple 
specular  reflections  and/or  reflections  of  light  rays  that  penetrate  into 
the  skin  of  the  surface  and  then  reflect  back  out.  According  to  the 
Torrance-Sparrow  reflection  model  the  form  of  the  reflected  radiance 
function  is  given  by: 


(1)  dNr  m  gNiRsd(ii1  +  NRdda:  . 

The  terms  Rs  and  Rd  are  the  functions  for  the  specular  aac1  flvf'i>se 
components  of  reflection  respectively.  The  term  N;  represent  the 
incident  radiance  of  the  light  source  through  the  mfinitcvn.f!  nlid 
angle  dtOj  (see  figure  2)  and  g  is  the  proportion  of  tin:  spec  lar 
reflectance  relative  to  the  diffuse  reflectance.  The  equivalence 
symbol  in  equation  (1)  and  all  other  equations  in  this  parci 
represents  proportionality.  The  specular  and  diffuse  comport  nt 
reflection  functions  are  given  by: 


F(r,TpG(T,e,o) 

cos®  ' 


R.  =  cosT 

a 

where  the  angular  arguments  correspond  to  figure  2.  Note  that  Rd  is 
the  Lambertian  reflectance  function.  Because  of  its  central  10I 
spectral/polarization  stereo  applications,  section  3  is,  entirely  dev 
to  the  function  F(4/’,ri). 


The  function  P(a)  is  the  probability  distribution  function  for 
the  orientations  of  the  normals  to  the  planar  microfacets.  The 
probability  distribution  function  proposed  in  [Torrence,  Sparrow 
19167]  is: 


P(a)  »  exp(-(ac)2  . 

The  variable  a  is  the  angle  between  the  normal  to  a  given  micro  -:cet 
and  the  normal  to  the  surface  and  is  depicted  in  figure  2.  The  term  c 
is  an  ad  hoc  constant  which  is  determined  empirically  by  solving 
equation  (1)  using  observed  reflected  radiance  values. 

It  is  suggested  in  [Cook,  Torrance  1981]  that  a  probability 
distribution  function  for  the  orientation  of  microfacet  normals  using 
physical  parameters  (i.e.  no  ad  hoc  constants)  could  be  used  to 
emulate  the  Beckmann  distribution  for  mean  scattered  power  of  light 
teliccted  ft utli  a  Tuugli  surface,  lilts  fulictiuu  is  deliver)  in 
[Beckmann,  Spizzichino  1963]  and  is  given  by: 


The  reflectance  model  reported  in  [Torrance,  Sparrow  1967] 
assumes  that  every  surface  has  a  microscopic  level  of  detail  which 
consists  of  a  M'ari Stie.ll!  v  Itffge  'inni'itiW  -A  pelHsdfy  Sit: Jeff  rTtfldl1 
microfacets.  These  microfacets  are  oriented  according  to  a  particular 
probability  distribution  function  of  the  angle  between  the  normal  to 
each  microfacet  and  the  normal  to  the  surface.  This  implies  that  the 
surface  is  isotropically  rough  about  the  normal  to  the  surface  as  the 
probability  distribution  function  is  not  dependent  on  the  azimuthal 
orientation  of  the  normal  to  a  microfacet. 


The  Torrance-Sparrow  reflectance  model  is  primarily  based  on 
geometric  optics.  Light  rays  are  assumed  to  reflect  off  a  material 
surface  with  both  a  specular  and  a  diffuse  component.  The  specular 
component  of  reflection  accounts  for  when  a  light  ray  specularly 
reflects  off  a  microfacet  and  the  diffuse  component  is  described  by 


The  term  m  is  the  root  mean  square  slope  value  of  the  microfacet 
surface  normals.  Large  values  of  m  indicate  a  "rough"  surface  while 
small  va’ues  of  m  indicate  "smooth"  surfaces.  The  extended 
Torrance-Sparrow  reflection  model  refers  to  incorporating  the 
Beckmann  disribution  function  into  the  expression  for  the  specular 
component  of  reflection  Rs  The  value  for  m  can  be  determined  by 
solving  equation  (1)  using  reflected  radiance  values,  or  can  be 
measured  more  directly  using  a  stylus profdometer. 
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3.  THE  FRESNEL  REFLECTION  COEFFICIENT 
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The  function  F(T’,r|)  incorporated  into  the  specular 
component  of  reflection  is  of  primary  importance  to  spectral  and 
polarization  stereo.  It  is  known  as  the  Fresnel  reflection  coefficient 
This  is  the  only  part  of  expression  (1)  that  is  dependent' on  the 
wavelength  and  polarization  of  incident  light.  The  derivation  of 
F(f  ■rl) treats  ll8ht  as  an  electromagnetic  wave.  The  polarization  of 
a  light  wave  is  defined  in  terms  of  how  the  electric  field  vector  is 
oriented  with  respect  to  the  plane  of  incidence,  the  plane  determined 
by  the  incident  and  specularly  reflected  vectors.  An  incident  light 
wave  is  parallel  polarized  if  its  electric  field  vector  is  parallel  to  the 
plane  of  incidence  and  is  perpendicularly  polarized  if  its  electric  field 
vector  is  perpendicular  to  the  plane  of  incidence. 
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Figure  2 

The  reflection  model  presented  in  [Torrance,  Sparrow  1967] 
also  takes  into  account  the  mutual  shadowing  and  masking  of  surface 
microfacets  against  one  another.  It  is  assumed  that  each  specularly 
reflecting  microfacet  comprises  one  side  of  a  symmetric  V  groove  as 
depicted  in  figure  3.  The  process  of  shadowing  and  masking 
attenuates  the  total  fraction  of  reflecting  surface  area.  The 
proportional  amount  of  this  attenuation  is  called  the  geometric 
attenuation  factor  and  is  given  by: 


=  min  {  1 , 


2cosacos®  Icosacos'V 


The  above  expressions  for  the  geometric  attenuation  factor  and 
the  Beckmann  distribution  function  conform  to  the  geometry 
depicted  in  figure  2.  With  respect  to  the  angles  V,  0  and  <D  depicted 
in  figure  2,  a  and  T’  can  be  expressed  as: 


An  incident  light  wave  that  is  specularly  reflected  from  a 
perfectly  smooth  surface  results  in  a  partially  transmitted  wave  and  a 
partially  reflected  wave.  The  Fresnel  reflection  coefficient 
represents  the  proportional  attenuation  of  the  incident  light  energy 
per  unit  time  per  unit  area  for  specular  reflection  off  of  a  perfectly 
smooth  surface.  This  simulates  the  specularly  reflected  radiance  of 
light  rays  off  of  the  perfectly  smooth  microfacets. 

The  angle  T’  is  the  specular  angle  of  incidence  of  a  light  ray 
upon  microfacets  with  surface  normals  oriented  parallel  to  the 
highlight  vector  depicted  in  figure  2.  The  specular  angle  of 
incidence  on  the  microfacets  of  a  surface  is  equal  to  1/2  of  the  phase 
angle  and  is  not  dependent  on  the  orientation  of  the  surface.  The 
number  of  microfacets  that  the  incident  light  is  specularly  reflected 
from  is  determined  by  the  surface  orientation  and  the  probability 
distribution  function  P(a). 

The  term  T|=n  -  iK  is  the  complex  index  of  refraction  for  the 
surface  material.  The  real  terms  n  and  K  are  dependent  upon  the 
wavelength  of  incident  light  X0  according  to  the  formulas: 


=  {  1  +  [  1  +  (r — — — -)2  ]1/2  } 

2  27CcorJ 

,  Wo2  K 


T'  =  -car1  [co.t0co.AF  -  sin®sin'Vcos<I>] 
a  =  cos"1  [cos'V  cos'Y'  +  sin'V  sin'V'  cos  ft  ] 


P  =  sin~l  [sinQ>  sin®/sin2'¥']  . 


The  term  cQ  is  the  speed  of  light  in  a  vacuum,  re  is  the  electrical 
resistivity  of  the  surface  material,  and  t)  and  y  are  the  electrical 
permitivity  and  the  magnetic  permeability  of  the  surface  material 
respectively.  It  turns  out  that  rc,  t)  and  y  are  dependent  upon  the 
surface  temperature  and  the  external  presence  of  electric  and 
magnetic  fields.  This  suggests  other  stereo  methods  to  determine 
surface  orientation.  For  instance,  vary  the  temperature  between  each 
successive  image,  or  for  a  conducting  material  vary  the  strength  of 
an  electrical  current  passing  through  it  between  successive  images. 
Varying  the  strength  of  magnetic  fields  can  also  be  used. 


Figure  3 


The  term  k  is  called  the  coefficient  of  extinction.  The 
coefficient  of  extinction  is  zero  for  dielectrics  (because  re  is  infinite) 
and  is  non-zero  for  conductors  since  they  have  finite  electrical 
resistivity  rc.  For  dielectrics,  the  term  n  is  the  simple  index  of 
refraction. 


812 


A  detailed  derivation  of  the  Fresnel  reflection  coefficient  is  Unpolarized  light  is  the  equi-superposition  of  parallel  and 

given  in  [Siegel,  Howell  1981]  It  is  represented  as  the  linear  perpendicular  states.  Therefore  the  Fresnel  reflection  coefficient  for 

superposition  of  the  Fresnel  reflection  coefficients  for  perpendicular  unpolarized  light  uses  s=t=l/2. 
and  parallel  polarized  incident  light  waves  respectively.  That  is: 


F(r ,ri)  =  ,v Fptrp('V': n)  +  tF^J T'.ti)  s,tZ  0  s  +  t=\  . 


In  turn 


F 

perp 


OF'.n)- 


a2  +  b2  -  2 acos'V'  +  cos2  T' 
a2  +  b2  +  locos'?’  +  cos2  T' 


P  .  a2  +  b2  -  lasin'?'tan'?’  +  sin2 4 'tan2'?’  , 

para  ^  a2  +  b2  +  lasin'V'tan'V'  +  sin2'?' tan2'?'  ptrp 

where 

2 a2  -[(n2-  k2  -  sin2 T' )2  +  4«2F2]1/2  +  n2  -  k2  -  sin2'?’ 


lb2  -  [(/i2-  iP’  -  sin2'?’)2  -r  4rt2L2]1/2  -  (n2  -  k2  -sin2'?’) 


Simulations  of  the  determination  of  local  surface  orientation 
will  be  performed  using  the  reflectance  maps  predicted  by  the 
ETSRM  for  MgO  and  Aluminum.  The  accuracy  of  the  original 
Torrance-Sparrow  reflection  model  was  tested  on  these  two  materials 
in  [Torrance,  Sparrow  1967]  with  good  results.  The  empirical  values 
for  g,  the  relative  proportion  of  specular  to  diffuse  component 
reflected  radiance,  were  also  obtained  for  MgO  and  Aluminum  in 
this  paper  (gj^gcr^  8ai=^^)  anc*  be  used  in  the  simulations  in 
future  sections.  The  Fresnel  reflection  coefficients  for  MgO  and 
Aluminum  are  graphed  in  figures  4  (a)  thru  (d)  against  the  angle  of 
incidence  for  different  incident  light  polarizations  and  wavelengths. 
Be  aware  of  the  scale  on  the  vertical  axis.  The  values  for  the  indices 
of  refractions  were  obtained  from  [Physics  Handbook]  for  different 
wavelengths. 


Typical  human  vision  perceives  light  waves  with  a  wavelength 
between  400  and  700  nanometers  (NM).  "Vision"  can  theoretically 
exist  for  any  wavelength  of  electromagnetic  radiation.  The 
wavelengths  shown  in  figures  4  (a)  and  (b)  for  MgO  are  not  in  the 
visible  part  of  the  spectrum.  These  wavelengths  were  chosen  to  fall 
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Figure  4(a) 
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as  close  to  the  visible  part  of  the  spectrum  as  possible  while  being 
able  to  obtain  the  indices  of  refraction  from  the  tables  in  |  Physics 
Handbook],  Interpolation  of  data  was  not  used  to  make  the 
simulation  of  equi-reflectance  curves  as  realistic  as  possible. 

An  interesting  feature  of  the  dielectric  MgO  is  that  it  has  a 
Brewster  angle  at  arctan(n=1.77)  =  60.5°  for  which  no  paral.-'  ’ 
polarized  light  is  reflected.  All  dielectrics  have  a  Brewster  angle  at 
the  arctangent  of  their  simple  index  of  refraction.  For  the 
determination  of  surface  orientation  by  varying  polarization  this  is  a 
very  important  angle  to  know  in  a  controlled  environment.  Accuracy 
of  measurement  can  be  substantially  enhanced  by  making  the  phase 
angle  approximately  equal  to  twice  the  Brewster  angle  for  a 
dielectric  material.  This  will  be  seen  in  section  5. 


As  can  be  seen  the  simple  index  of  refraction  for  MgO  has  a 
rather  weak  dependence  on  wavelength.  This  suggests  that  the 
combined  specular  and  diffuse  reflectance  will  be  altered  only 
slightly  for  different  incident  wavelengths  of  light.  In  section  6  a 
technique  will  be  presented  to  obtain  a  discemable  intersection  from 
specular  and  diffuse  component  equi-reflectance  curves. 

4.  ERROR  ANALYSIS  FOR  THE  INTERSECTION  OF 
REFLECTANCE  CURVES 


Implementation  of  spectral/polarization  stereo  methods 
involve  the  physical  measurement  of  image  irradiance  values  which 
have  associated  with  them  an  inherent  error.  This  in  turn  generates 
an  error  collar  about  each  equi-reflectance  curve.  Given  an  image 
irradiance  measurement  value  I  and  a  reflectance  function  R(p,q),  the 
image  irradiance  equation  gives: 

/  =  R{p,q) 

where  then 

dR  ~  dR  „ 

8/  =  —  Bp  +  —5<7  . 

dp  dq 

Therefore,  for  a  given  inherent  error  of  measurement  in  1,  the  width 
of  the  error  collar  about  a  point  on  the  equi-reflectance  curve 
resulting  from  the  above  image  irradiance  equation  will  decrease  as 
the  gradient  of  the  reflectance  functiv  R(p,q)  increases  at  this  point. 

Figure  5(a)  depicts  a  nearly  perpendicular  intersection  of  two 
equi-reflectance  curves  along  with  their  associated  error  collars.  The 
curved  quadrilateral  region  which  is  cross  hatched  represents  the  area 
in  which  the  true  surface  orientation  lies.  Without  referring  to  any 
particular  probability  distribution  function  defined  on  this  cross 
hatched  area,  the  expected  error  of  measurement  of  surface 
orientation  derived  from  this  intersection  can  be  qualitatively 
interpreted  as  the  area  of  the  cross  hatched  region  while  the  worst 
case  error  can  be  qualitatively  interpreted  as  the  maximum  distance 
between  two  points  in  the  cross  hatched  region. 

Figure  5(b)  depicts  a  more  oblique  intersection  of  two  equi- 
reflectance  curves  along  with  their  associated  error  collars. 
Assuming  that  the  gradients  of  the  reflectance  functions  within  the 
cross  hatched  regions  are  roughly  equal  between  figures  5  (a)  and 
(b),  an  oblique  intersection  increases  both  the  expected  and  the  worst 
case  errors  for  the  measurement  of  surface  orientation  from  the 
intersection  of  equi-reflectance  curves.  Sometimes  an  oblique 
intersection  may  occurr  in  a  region  of  gradient  space  where  the 


Figure  5 


gradient  of  the  reflectance  function  is  high  making  both  the  expected 
and  worse  case  errors  less  than  for  the  errors  associated  with  a 
perpendicular  intersection  of  equi-wflectance  curves  in  a  region  of 
gradient  space  where  the  gradient  of  the  reflectance  function  is  quite 
low. 


Optimal  criteria  for  the  overall  minimization  of  expected  and 
worst  case  errors  are  extremely  complex  and  are  dependent  on  a 
multitude  of  assumptions  including  a  priori  knowledge  about  the 
expected  range  for  the  surface  orientation  to  be  measured. 
Simultaneous  maximization  of  perpendicularity  of  intersections  and 
maximization  of  the  gradient  of  the  reflectance  function  over  a 
global  set  of  gradient  space  points  is  impossible  in  most  cases. 

A  good  strategy  to  increase  the  gradient  of  the  reflectance 
function  is  to  increase  the  phase  angle.  This  involves  a  tradeoff  as 
increasing  the  phase  angle  increases  the  area  of  gradient  space  that 
lies  in  shadow.  A  good  strategy  for  optimizing  perpendicular 
intersections  for  spectral/polarization  methods  using  the  ETSRM  is 
to  pick  incident  wavelengths  and  polarizations  that  will  produce 
intersections  of  specular  and  diffuse  component  equi-reflectance 
curves.  This  is  indicated  in  figure  6  which  shows  an  overlay  of  the 
specular  and  diffuse  component  reflection  functions  for  MgO.  Near 
perpendicular  intersections  occurr  almost  everywhere  in  the  first 
quadrant  for  a  light  source  with  incident  orientation  (7.0,  3.0,  -I). 
The  same  overlay  of  specular  and  diffuse  reflectance  maps  would 
result  for  Aluminum  except  that  reflected  radiance  values 
corresponding  to  each  equi-reflectance  contour  would  be  different 
than  from  the  ones  in  figure  6. 

It  turns  out  that  direct  resolution  of  specular  and  diffuse 
components  for  any  dielectric  is  possible  using  polarization  stereo 
for  selected  phase  angles  close  to  twice  the  Brewster  angle.  This  is 
described  in  section  5.  However,  as  reflection  of  light  from 
dielectrics  is  very  insensitive  to  variations  in  wavelength,  the 
intersection  of  equi-reflection  curves  for  even  vast  shifts  in 
wavelength  are  so  oblique  that  the  equi-reflectance  curves 
themselves  are  almost  indistinguishable.  Even  though  reflection  of 
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Figure  6 

light  from  conductors  has  a  stronger  dependence  on  wavelength  and 
a  moderate  dependence  on  polarization  (see  figures  4  (c)  and  (d)), 
this  problem  also  occurrs  for  spectral/polarization  stereo  methods 
applied  to  conductors.  These  problems  are  so  bad  that  minimization 
of  error  is  surmounted  by  the  problem  of  ascertaining  an  intersection 
in  the  first  place.  It  is  required  therefore  to  use  a  methodology 
described  in  section  6  calk'd  indirect  resolution  of  specular  and 
diffuse  reflection  components. 

5.  POLARIZATION  STEREO  FOR  DIELECTRICS 

It  was  mentioned  in  section  3  that  for  all  dielectrics  there  exists 
an  angle  of  incidence,  called  the  Brewster  angle,  at  which  parallel 
polarized  light  is  not  reflected.  That  is,  the  Fresnel  reflection 
coefficient  for  parallel  polarized  light  at  the  Brewster  angle  is  zero. 
Figure  4(b)  shows  that  in  fact  the  Fresnel  reflection  coefficient  for 
p»r!<llel  polarized  light  is  small  over  a  large  range  of  angles  of 
incidence  less  than  the  Brewster  angle.  By  observing  the  expression 
for  Rs  in  section  2,  this  phenomenon  can  be  exploited  to  "scale"  the 
specular  component  of  reflection  to  nearly  zero  thus  isolating  the 
diffuse  component  of  reflection  Rd. 

Suppose  that  two  image  irradiance  measurements  are  taken  for 
parallel  polarized  and  perpendicular  polarized  incident  light 
respectively  and  that  the  phase  angle  is  equal  to  exactly  twice  the 
Brewster  angle  for  a  given  dielectric.  Therefore  the  specular  angle  of 
incidence  of  light  on  the  microfaccts  will  be  exactly  the  Brewster 
angle  itself.  The  first  equi-reflcctance  curve  resulting  from  the 
incident  parallel  polarized  light  will  be  exactly  the  same  as  for  the 
Lambertian  model  at  this  angle  of  incidence.  Since  a  moderate 
amount  of  perpendicular  polarized  light  is  reflected  at  the  Brewster 
angle  for  a  dielectric,  die  second  equi-reflectance  curve  will  have  a 
significant  specular  component  of  reflection.  Fven  though  the  second 
equi-reflectance  curve  is  not  a  pure  specular  component  of  reflection, 
it  will  tend  to  be  a  curve  that  will  have  a  strong  intersection  with  the 
Lambertian  reflectance  curve.  This  technique  of  forcing  the  total 
reflectance  curves  significantly  towards  the  specular  and  diffuse 
component  reflection  functions  respectively  is  what  is  termed  direct 
resolution  of  specular  and  diffuse  components. 


An  example  of  this  technique  is  shown  in  figure  7  for  MgO 
Unfortunately  one  disadvantage  is  that  the  Brewster  angle  for  MgO 
is  60.5°  which  would  make  the  phase  angle  equal  to  about  121°.  This 
would  leave  much  of  gradient  space  in  shadow.  Figures  11  (a) 
through  (c)  use  an  incident  source  orientation  vector  of  (7.0,  3.0,  -1) 
which  gives  a  phase  angle  of  approximately  82.6°.  The  specular 
angle  of  incidence  is  therefore  about  41.3°,  nearly  20°  from  the 
Brewster  angle  for  MgO.  Still,  strong  intersections  are  noted  in  the 
overlay  of  the  parallel  polarized  and  the  perpendicularly  polarized 
reflectance  maps.  This  is  due  to  the  fact  that  the  Fresnel  reflection 
coefficient  for  parallel  polarized  light  is  still  negligable  at  this  angle 
of  incidence  and  that  the  Fresnel  reflection  coefficient  for 
perpendicularly  polarized  light  is  approximately  4  times  that  for 
parallel  polarized  light  (see  figure  4(b),  41.3°  is  about  0.720  radians). 

Figure  8  depicts  an  actual  simulation  of  the  determination  of 
local  surface  orientation  from  polarization  stereo  for  a  point  on  a 
sphere  with  a  Magnesium  oxide  surface.  The  sphere  is  assumed  to 
have  radius  25  and  the  surface  orientation  is  to  be  determined  for  the 
point  on  the  sphere  corresponding  to  the  image  point  (12,18).  The 
equation  for  the  visible  part  of  a  sphere  of  radius  r  using  the 
coordinate  system  depicted  in  figure  Lb  is: 


which  implies  that 

3z  x  dz _ y 

'ix  Vr  -  x2  -y1  Vr2  -  x2  -  y2 

Therefore,  the  local  surface  ori  .ntation  at  the  point  corresponding  to 
the  image  coordinate  (12,18),  assuming  orthographic  projection,  is 
approximately  (0.958,  1.437,  -1)  in  gradient  space  representation. 
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The  equi-reflectance  curves  in  figure  8  result  from  three 
different  incident  polarizations  respectively.  It  is  clear  that  an 
intersection  occurrs  at  the  correct  orientation  point.  This  intersection 
could  be  obtained  by  using  the  two  equi-rcflectance  curves  for 
parallel  polarization  and  perpendicular  polarization  respectively. 
However  there  is  an  additional  intersection  point  that  could  just  as 
well  be  the  true  value  of  the  surface  orientation.  The  third  equi- 
reflectance  curve  produced  from  unpolarizcd  incident  light  docs  not 
provide  more  information  with  respect  to  resolving  between  these 
two  intersection  points.  In  fact,  for  this  same  configuration  of  the 
imaging  system,  all  cqui-reflectance  curves  produced  from  any 
incident  polarization  or  wavelength  will  go  through  these  same  two 
points  in  gradient  space.  This  is  due  to  an  inherent  "flip"  symmetry 
about  the  source-viewing  axis  that  cannot  be  broken  by  varying  the 
value  of  the  Fresnel  reflection  coefficient,  F(4J',V|). 


It  is  possible  to  break  this  "flip"  symmetry  by  using  a  second 
light  source  which  has  an  incident  orientation  not  lying  on  the 
source-viewing  axis  of  the  original  light  source.  This  would  produce 
an  equi-reflectance  curve  going  through  the  true  surface  orientation 
point  and  not  going  through  the  second  inicrscction  point  observed 
for  polarization  stereo.  However,  the  "flip"  symmetry  inherent  to 
spectral/polarization  stereo  can  also  be  broken  by  using  a  single 
extended  light  source  with  a  variable  aperaturc.  This  will  be 
discussed  in  section  7. 

6.  SPECTRAL  AND  POLARIZATION  STEREO  BY 
INDIRECT  RESOLUTION  INTO  SPECULAR  AND  DIFFUSE 
REFLECTION  COMPONENTS 


The  equi-reflectancc  curves  in  figures  9  and  10  attempt  to 
measure  the  same  surface  orientation  in  the  problem  that  is  described 
in  section  5.  For  figure  10,  the  surface  of  the  sphere  is  assumed  to  be 
made  of  Aluminum.  By  observing  figures  9  and  10  it  is  evident  that 
directly  obtaining  an  intersection  point  for  reflectance  curves  for 
spectral  stereo  applied  to  dielectrics,  or  for  any  combination  of 


COMBINED  SPECULAR  AND  DIF  FI  SK  RF.H.KCT  VNCF.  MAI* 
REFLECT. VNCn  FI  NCI  ION  0  5*1  iMPRi  *  Rd  ) 
SOURCE  VECTOR  ORIENTATION  Ps  =  ;  0  Us-.l  0 
MAGNESIUM  OXIDEN-I  77  K  =0  DO  (365  NM> 

RMS  SLOPE  VALUE-  2  0 

Figure  8 


-r^O 
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INTERSECTION  OF  EQUI-REFLECTANCE  CURVES 
FOR  SIMULTANEOUS  VARIATIONS  IN  WAVELENGTH  AND  POLARIZATION 
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Figure  10 
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spectra;'  and  polarization  stereo  applied  to  conductors,  is  very 
diffic.it.  Spectral  stereo  applied  to  dielectrics  is  hard  to  implement 
because  the  simple  index  of  refraction  is  very  insensitive  to  changes 
in  wavelength.  Unless  the  sampling  rate  for  the  equi-reflectance 
curves  in  gradient  space  is  very  high,  two  curves  obtained  for 
different  incident  wavelengths  will  appear  indistinguishable.  Another 
problem  for  spectral  stereo  applied  to  dielectrics  is  the  necessity  for 
low  measurement  error  in  the  image  irradiance.  The  shift  in  the 
observed  reflected  radiance  between  the  two  equi-reflectance  curves 
in  figure  9  is  approximately  3.0%  . 

The  observed  image  irradiance  shift  for  the  two  equi- 
reflectance  curves  in  figure  10  is  fairly  significant  being  almost  9%  . 
The  problem  of  indistinguishability  between  equi-reflectance  curves 
here  is  even  worse  than  in  figure  9.  This  is  due  to  the  relative 
invariance  of  the  shape  of  the  equi-reflectance  curves  for  Aluminum 
for  fairly  significant  changes  in  the  reflected  radiance. 

A  technique  is  presented  here  that  will  use  two  reflected 
radiance  measurements  to  solve  for  the  values  of  the  specular  and 
diffuse  components  of  reflection  respectively  from  two  simultaneous 
equations.  The  functions  Rs  and  Rd  are  the  same  as  those  defined  in 
section  2  except  that  the  Rs  used  here  is  gRs.  Define  rs  such  that 
Rs=F(4,,,T|)rs  .  Suppose  that  two  reflectance  measurements  Ircf'  and 
Iref2  are  taken  from  two  sucessive  images  at  the  same  pixel.  Also,  the 
value  of  the  Fresnel  term  with  respect  to  this  pixel  for  the  first  and 
second  image  are  F^T’.ri)  and  F2('F’,T|)  respectively.  Then  the 
following  equations  arise: 

F'OOOr, +  ±  £ 

F2(T',Ti)rt  +  Rd  =  ij  ±  e 


where  e  is  the  error  inherent  in  the  reflectance  measurement  The 
solutions  for  Rs  and  Rd  are: 

R  =  F'fTVn)  l,c! — % - ±  2— - Fl(4J  ,n) - E 

F'(T',ri)  -  F2(T',T|)  F'fT'.Tl)  -  F2(4",T1) 

R  _  ±  +  F2(r,TDc 

“  F'fT'.rU-F^T'.ri)  F'(4",Tl)-F2(4",Tl)e' 


Note  that  the  solution  for  Rs  is  for  the  specular  component  of 
the  total  reflectance  measured  in  the  first  image.  This  technique  of 
decomposing  the  value  of  a  total  reflectance  function  into  its 
specular  and  diffuse  component  values  is  what  is  termed  indirect 
resolution  of  specular  and  diffuse  components. 

Thus,  even  for  small  shifts  in  the  Fresnel  reflection  coefficient, 
two  measurements  of  the  reflected  radiance  make  it  possible  to 
obtain  the  specular  and  diffuse  component  reflection  values  for  each 
measurement.  These  values  in  turn  can  be  used  to  generate  an  equi- 
reflectance  curve  for  the  specular  and  diffuse  component  respectively 
which  produces  strongly  detectable  intersections  as  mentioned  in 
section  4.  While  the  detection  of  intersection  problem  may  be  solved, 
the  associated  error  collars  may  be  huge  if  the  experimental 
measurement  error  e  is  significant  and  the  difference  between  the 
first  and  second  Fresnel  reflection  coefficients ’s  very  small.  This  can 
be  seen  from  the  equations  immediately  above. 

Figures  11  and  12  show  the  intersection  of  specular  and 
diffuse  component  equi-reflectance  curves  obtained  from  the  same 
reflectance  measurements  that  generated  the  curves  in  figures  9  and 
10,  respectively.  Of  course  the  experimental  error  e  for  this 
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simulation  is  assumed  to  be  0.  The  fact  that  the  curves  in  figures  1 1 
and  12  are  exactly  the  same  should  be  no  surprise  as  equi-reflectance 
cuwcs  an,  1  i i v di lam  wuh  respect  a,  cTiattge  in  scale.  ■  Tie  Fresnel 
reflection  coefficient  merely  scales  the  specular  component  of 
reflection.  Only  the  observed  specular  reflected  radiance  is  different 
between  the  two  figures. 


source-viewing  plane.  The  orientation  component  0  is  assumed  to 
be  the  same  for  both  normals.  The  reflected  radiance  is  the  same  for 
"Crurtl  S u i  I uficmaTiuOS  baau USC  ti'iL  ptlTTl m CFCTS  1 1 V,  C  and  Jt  diC 
automatically  the  same  It  is  clear  that  expression  (I)  in  section  2  will 
yield  the  same  value  under  this  equivalence.  This  results  by 
observing  that  the  specular  and  diffuse  component  reflected  radiance 
are  each  left  invariant. 


The  same  "flip"  symmetry  that  was  discussed  in  section  5  is 
also  inherent  to  the  individual  functions  Rs  and  Rd.  Additional 
reflectance  measurements  from  different  incident  wavelengths  and 
polarizations  would  not  resolve  the  two  point  intersection  ambiguity. 
To  achieve  unique  measurement  of  surface  orientation,  the  technique 
presented  in  section  7  using  an  extended  light  source  will  have  to  be 
implemented. 

Spectral  stereo  for  dielectrics  for  determining  surface 
orientation  is  not  generally  recommended.  Errors  in  the  measurement 
of  surface  orientation  for  conductors  using  spectral/polarization 
methods  can  be  reduced  by  simultaneously  varying  the  wavelength 
and  polarization  as  is  done  in  figures  10  and  12.  The  shift  in  the 
Fresnel  reflection  coefficients  from  the  first  to  the  second  image  can 
be  maximized  by  using  parallel  incident  polarization  at  a  high 
wavelength  and  then  using  perpendicular  polarization  at  a  low 
wavelength. 

7.  SYMMETRY  BREAKING  USING  A  SINGLE  EXTENDED 
LIGHT  SOURCE 


The  source-viewing  axis  in  gradient  space  is  the  line  at  the 
constant  angle  tan"’(Ps/Qs)  from  the  q-axis.  The  invariance  of 
reflected  radiance  about  the  source-viewing  plane  described  above 
implies  that  separate  points  that  are  equi-distant  from  the  origin  of 
gradient  space  and  that  make  the  same  angle  with  the  source-viewing 
axis  must  lie  on  the  same  equi-reflectance  curve.  This  can  be 
expressed  succintly  as  the  invariance  of  all  equi-reflectance  curves 
under  the  "flip"  symmetry  transformation: 

®  ->  2tan-\PJQs )  -  ® 


where  the  angle  ®  is  measured  clockwise  from  the  q-axis.  Doing 
some  algebra  using  equations  (2)  above,  this  transformation  can  be 
expressed  in  terms  of  gradient  space  variables  as: 


P2-Q 2  QP 

S  -  .V  .V 

p  — *  — z - zp  +  2 — - -q 

^  Pi‘ 


(3) 


The  "flip"  symmetry  about  the  source-viewing  axis  that  exists 
for  the  equi-reflectance  curves  produced  by  die  ETSRM  can  most 
easily  be  shown  by  equating  the  gradient  space  representation  (p,  q, 
-1)  with  surface  orientation  represented  in  the  spherical  coordinate 
system  depicted  in  figure  2  (b)  with  the  z-axis  being  the  viewer 
orientation.  That  is, 

—(p,q~  1)  =  (.vhi0.vhi®,.s’i>i0(YAV®,-cav0)  . 

Vl  +p2  +  ( 72 

This  implies  that: 

p  =  rsin<l> 

(2) 
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Since  the  shift  in  the  value  or  the  Fresnel  reflection  coefficient 
does  not  alter  die  "flip"  symmetry  of  the  specular  reflectance 
ftti.etiur.  the  ptveete  :  P-Sref  pv'.twrizatkm  ft  .*■  c 

using  a  single  point  light  source,  it  is  clear  that  a  two  point  ambiguity 
will  always  exist  for  the  measurement  of  surface  orientations  not  on 
the  source-viewing  axis.  From  equations  (3)  it  can  be  deduced  that 
the  same  "flip"  symmetry  does  not  hold  separately  for  a  second  light 
source  with  incident  orientation  (PS’,QS’,-1)  if  and  only  if  (PS,QS)  and 
(PS’,QS’)  are  linearly  independent.  That  is,  a  second  light  source  will 
have  a  different  "flip"  symmetry  if  and  only  if  its  incident  orientation 
does  not  lie  On  uie  sOuice-viewilig  axis  of  the  fnsl  light  souiow. 


q  =  rcos<P 

where: 

r  =  Vp2  +  q2  =tanO 

This  demonstrates  that  the  points  (p,q)  in  gradient  space  can  be 
identified  with  surface  orientation  using  spherical  coordinates  via  the 
gnomonic  projection  of  the  unit  Gaussian  sphere  onto  the  tangent 
plane  at  the  north  pole.  Points  on  the  unit  Gaussian  sphere 
representing  surface  orientation  are  projected  onto  this  plane  by  rays 
which  emanate  from  the  center  of  the  sphere  and  go  through  the 
respective  point. 

The  condition  that  the  probability  distribution  of  microfacets, 
P(a),  be  isotropic  implies  that  there  is  a  mirror  symmetry  with 
respect  to  the  invariance  of  reflected  radiance  for  surface  orientation 
normals  that  differ  azirnuthally  in  <t>  by  the  same  angle  about  the 


Suppose  now  that  a  second  light  source  not  lying  on  the 
source-viewing  axis  of  the  first  light  source  was  incident 
simultaneously  with  the  first.  That  is  the  reflected  radiance  is  now 
jtUuittTP  1  Lviih  Ugh  h.  Urfrt  it?  rn  Tft»  "Olp"  i  f 

the  first  light  source  would  effectively  be  broken  for  the  resulting 
equi-reflectance  curves.  If  at  least  a  two  point  ambiguity  existed  in 
measuring  surface  orientation  for  all  incident  wavelengths  and 
polarizations,  the  symmetry  producing  the  ambiguity  would  not  be 
the  original  "flip"  symmetry.  Such  symmetries  may  occurr,  but  are 
highly  unlikely  for  the  measurement  of  most  surface  orientations. 


Suppose  that  n  point  light  sources  are  now  simultaneously 
incident  on  a  material  surface.  It  can  be  shown  using  a  simple 
geometric  argument  that  the  resulting  equi-reflectance  curves  possess 
the  "flip"  symmetry  of  one  of  the  n  light  sources  being  used  if  and 
only  if  the  configuration  of  the  incident  orientation  points  in  gradient 
space  of  the  n  light  sources  is  in  turn  "flip"  symmetric  about  the 
source-viewing  axis  of  one  of  the  n  light  sources.  A  single  extended 
light  source  can  be  viewed  as  a  continuous  distribution  of  a  large 
number  of  point  light  sources.  Therefore  the  equi-reflectance  curves 


produced  from  a  single  extended  source  will  possess  a  "flip" 
symmetry  if  and  only  if  the  area  in  gradient  space  subtended  by  the 
continuous  distribution  of  incident  orientation  points  is  in  turn  "flip" 
symmetric. 

Figure  13  shows  the  unique  measurement  of  the  surface 
orientation  for  the  problem  in  section  5  for  a  MgO  surface.  Three 
reflected  radiance  measurements  were  taken  altogether.  Two  of  them 
used  unpolarized  and  perpendicular  polarized  incident  light  from  a 
single  point  source.  The  third  reflected  radiance  measurement  was 
taken  for  perpendicular  incident  light  from  an  asymmetric  "half¬ 
moon"  extended  source  depicted  in  figure  14.  The  half  angle  used  is 
0.4  radians  for  the  extended  source  and  the  expression  for  the 
reflected  radiance  in  section  2  was  numerically  integrated  over  the 
solid  angle  subtended  by  the  source.  The  size  of  the  extended  source 
was  selected  to  be  large  to  emphasize  the  process  of  breaking  the 
inherent  "flip"  symmetry.  Unique  surface  orientation  measurements 
from  much  smaller  extended  sources  are  possible. 

Of  course  all  three  reflected  radiance  measurements  can  be 
taken  from  the  same  light  source  with  a  variable  aperature  diaphram 
in  front.  For  the  first  two  measurements  the  aperature  is  a  small 
"pinhole".  For  the  third  measurement  the  aperature  is  changed  to  the 
desired  asymmetric  shape  and  size.  As  mentioned  above,  it  is 
possible  for  other  more  complicated  symmetries  to  exist  for  resulting 
reflectance  curves  that  may  hinder  the  process  of  measuring  certain 
surface  orientations  from  spectral/polarization  methods.  Further 
changes  to  the  shape  of  the  extended  source  may  then  be  useful,  but 
at  least  the  primary  "flip"  symmetry  is  broken. 
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8.  CONCLUSION 

It  has  been  demonstrated  through  computer  simulation  of  equi- 
reflectance  curves  that  arise  from  the  extended  Torrance-Sparrow 
reflection  model  that  the  measurement  of  surface  orientation  is 
obtainable  by  using  stereo  techniques  that  vary  the  wavelength 
and/or  the  polarization  of  incident  light  from  a  single  light  source 
while  leaving  the  imaging  geometry  invariant.  Different  techniques 
were  explored  using  two  very  different  types  of  materials, 
Magnesium  oxide  and  Aluminum.  This  was  to  show  the  applicability 
of  spectral/polarization  stereo  methods  to  a  large  class  of  material 
surfaces. 


The  most  viable  technique  presented  was  that  of  polarization 
stereo  for  dielectrics.  This  was  based  on  the  observation  that  die 
specular  component  equi-reflectance  curves  exhibit  strong 
intersections  with  diffuse  component  equi-reflectance  curves  over  a 
large  region  of  gradient  space.  Because  the  Fresnel  reflection 
coefficient  for  parallel  polarized  light  is  small  in  a  large  region  of 
angles  of  incidence  below  the  Brewster  angle,  it  is  possible  to  force 
the  total  reflectance  function  to  be  almost  identical  to  its  pure  diffuse 
(i.e.  Lambertian)  reflection  component  for  a  phase  angle  well  below 
90°.  The  Fresnel  reflection  coefficient  for  perpendicular  polarized 
light  in  this  region  is  significant  forcing  the  total  reflectance  function 
close  to  its  specular  reflection  component.  Thus  using  only  two 
measurements  of  reflected  radiance  from  parallel  polarized  and 
perpendicular  polarized  incident  light  respectively,  surface 
orientation  can  be  measured  with  relatively  small  error. 

Spectral  stereo  for  dielectrics  is  considered  to  be  the  least 
practical  due  to  the  insensitivity  of  the  simple  index  of  refraction  to 
changes  in  wavelength.  Spectral/polarization  stereo  for  conductors  is 
best  when  wavelength  and  polarization  are  simultaneously  varied  so 
as  to  maximize  the  difference  in  the  Fresnel  reflection  coefficients 
between  successive  images.  The  main  issue  for  spectral  stereo 
applied  to  dielectrics  and  spectral/polarization  methods  applied  to 
conductors  is  resolution  of  intersection  points.  In  these  cases  the 
shapes  of  equi-reflectance  curves  are  relatively  invariant  to  changes 
in  incident  wavelength  and  polarization  even  though  the  change  in 
the  reflected  radiance  for  conductors  can  be  fairly  significant.  A 
technique  was  presented  to  resolve  the  specular  and  diffuse 
component  values  of  the  reflected  radiance  by  solving  two  image 
irradiance  equations  simultaneously.  Surface  orientation  is  measured 
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from  the  strongly  discemable  intersection  of  specular  and  diffuse 
component  equi-reflectance  curves.  However,  for  small  variations  in 
the  Fresnel  reflection  coefficient,  the  associated  errors  can  be  quite 
high. 

Finally  it  was  formally  shown  how  an  isotropic  reflectance 
function  induces  a  "flip"  symmetry  on  resulting  equi-reflectance 
curves  in  gradient  space  about  the  source-viewing  axis.  Using  a  point 
light  source  it  is  therefore  theoretically  impossible  to  measure  better 
than  a  up  to  a  two  point  ambiguity,  surface  orientations  that  do  not 
lie  on  the  source-viewing  axis  using  spectral/polarization  techniques. 
A  technique  using  a  single  extended  light  source  was  presented  to 
resolve  this  ambiguity  by  breaking  the  inherent  "flip"  symmetry.  By 
using  an  aperature  which  itself  is  not  "flip"  symmetric,  equi- 
reflectance  curves  that  puss  through  the  true  surface  orientation  point 
can  be  produced  that  do  not  pass  through  the  false  second  point  of 
ambiguity. 

Experimentation  is  currendy  underway  to  empirically  verify 
the  theoretical  development  presented  in  this  paper. 
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ABSTRACT 


Photometric  stereo  has  been  used  to  derive  u.3  normal  map  for 
a  smooth  surface  depicting  local  surface  orientation  at  each  point. 
Many  robotic  vision  applications  require  higher  level  descriptions  of 
surface  shape  such  as  Gaussian  curvature  and  contour  lines. 
Presented  here  is  an  enhancement  of  conventional  photometric  stereo 
that  directly  computes  the  Gaussian  curvature  as  well  as  principal 
curvatures  and  their  directions  at  each  point  on  an  arbitrary  smooth 
surface.  First,  image  irradiance  values  from  successive  images  are 
used  to  determine  local  surface  orientation.  Then  image  gradient 
values  from  the  same  set  of  successive  images  are  used  to  compute 
the  image  Hessian  matrix  which  gives  complete  knowledge  about  the 
second  order  rate  of  change  of  the  smooth  surface  with  respect  to  the 
image  plane.  It  is  shown  that  this  provides  enough  information  to 
compute  the  curvature  matrix  for  a  visible  point  on  the  smooth 
surface.  The  Gaussian  curvature  for  each  point  is  generated  by 
taking  the  determinant  of  the  curvature  matrix.  Principal  directions 
of  curvature  are  the  eigenvectors  of  the  curvature  matrix.  Lines  of 
curvature  can  be  generated  by  piecing  together  tangent  lines  that  run 
parallel  to  a  principal  direction  of  curvature  at  each  point. 

1.  INTRODUCTION 

The  photometric  stereo  technique  presented  here  makes  use  of 
the  image  Hessian  matrix  presented  in  [Woodham  1981],  The  image 
Hessian  has  also  been  referred  to  as  the  curvature  matrix  of  the 
smooth  surface  being  imaged.  There  is  however  a  significant 
difference  between  the  Hessian  matrix  for  a  smooth  surface 
parameterized  by  its  height  above  the  image  plane  and  the  curvature 
matrix  derived  from  the  standard  definition  using  the  differential  of 
the  Gauss  map.  It  will  be  shown  in  section  2  that  while  the 
determinant  of  the  Hessian  matrix  agrees  in  sign  with  the  Gaussian 
curvature  that  these  two  values  are  different  quantitatively. 

Computing  the  sign  of  the  determinant  of  the  Hessian  matrix 
obtained  from  photometric  stereo  provides  a  quick  method  for 
determining  whether  the  smooth  surface  is  convex,  concave  or  flat  at 
a  point.  The  curvature  matrix  at  a  point  can  be  quantitatively  derived 
from  the  components  of  the  Hessian  matrix  and  knowledge  of  the 
local  surface  orientation.  Therefore  Gaussian  curvature  and  lines  of 
curvature  can  be  directly  computed  from  image  values  without 
referring  to  neighboring  values  for  normals  from  the  r.irmal  map. 

It  was  shown  in  [Woodham  1981]  that  the  equations  used  to 
solve  for  the  image  Hessian  matrix  from  a  single  image  are 
underconstrained  solving  for  three  variables  with  two  equations. 
Auxiliary  constraints  can  aid  in  the  process  of  deriving  the  image 


Hessian  from  a  single  image.  For  instance  for  developable  surfaces 
(which  results  in  at  least  one  principle  curvature  being  zero)  all 
components  of  the  image  Hessian  can  be  solved  completely.  The 
photometric  stereo  method  presented  here  eliminates  the  need  for 
any  additional  assumptions  about  the  smooth  surface  with  respect  to 
fully  recovering  the  image  Hessian. 

It  is  demonstrated  in  section  3  that  once  local  surface 
orientation  is  known,  the  image  Hessian  can  be  completely  solved 
for  an  arbitrary  smooth  surface  from  two  or  more  successive  images. 
Therefore  the  derivation  of  the  image  Hessian  can  be  combined  with 
conventional  photometric  stereo  by  first  computing  local  surface 
orientation  from  successive  images  and  then  using  at  least  two  of 
these  successive  images  to  solve  for  the  components  of  the  image 
Hessian  directly.  Even  though  using  more  successive  images  would 
severely  overconstrain  the  solution  for  the  Hessian  matrix,  the 
solution  would  be  more  statistically  accurate  using  experimental 
values. 

2.  THE  IMAGE  HESSIAN  AND  THE  CURVATURE  MATRIX 

The  image  irradiance  equation  relating  image  irradiance  I(x,y) 
to  reflected  scene  radiance  is  written  as: 


I(x,y)  =  R(p,q) 

where  R(p,q)  is  the  reflectance  map  as  a  function  of  gradient  space 
variables  p  and  q.  If  the  height  of  the  smooth  object  surface  above 
the  image  plane  is  given  by  the  twice  differentiable  function  h(x,y) 
then  the  smooth  object  surface  can  be  parameterized  using  image 
coordinates  by  (x,  y,  h(x,y))  and 

dh  dh 
P~Tx  q=lfy' 

The  coordinate  system  used  here  is  depicted  in  figure  1. 
Orthographic  projection  of  the  object  surface  onto  the  image  plane  is 
assumed  throughout.  Taking  the  partial  derivative  of  the  image 
irradiance  equation  with  respect  to  the  variables  x  and  y  gives  the 
two  equations 

1%  =  dp/dxRp  +  dqldxRy 

iy  =  dptiyRp  +  dqidyR,, 

which  in  turn  gives  rise  to  the  vector  equation 


where 


1 


(1) 


/  /  \  Fdp/dx  dqldx 
V  /  _  \3 p/dy  dqldy 


The  image  Hessian  is  defined  as 


(2) 
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The  terms  E,F  and  G  are  the  coefficients  for  the  first  fundamental 
form  and  the  terms  e,f  and  g  are  the  coefficients  for  the  second 
fundamental  form.  Equations  (2)  are  called  the  Weingarten 
equations.  It  turns  out  that  the  curvature  matrix  is  a  self-adjoint 
linear  mapping  and  that  (a-)  can  be  made  symmetric  by  performing  a 
similarity  transformation  to  an  orthogonal  basis. 


For  the  image  plane  parameterization  <f>(x,y)  =  (x,  y,  h(x,y))  the 
basis  vectors  spanning  the  tangent  plane  at  a  point  are 

(3)  <t>x  =  ( 1  »0, Ax)  <^=(0,1  ,hy) 


and  the  first  and  second  fundamental  forms  are  given  by 


f'Jnldx  dq/dx\  _  /d2  hi  tlx2  <i2hldxdy\ 
\dpldy  dqldy)  ~  \(i2h/dxdy  d2hldy2)  ’ 


(4a)  E  =  1  +h2,  F  =  hjiy  G=\+h2, 


Since  the  image  Hessian  is  a  symmetric  two-by-two  matrix,  it  is 
determined  by  three  independent  parameters  hxx,  hxy  and  hyy. 

Define  the  Gauss  map  to  be  a  function  N  from  a  smooth 
surface  S  to  the  unit  2-sphere  S2  mapping  each  point  on  S  to  its 
respective  tangent  plane  unit  normal.  That  is 

N;S  -*S2  S2=  {(x.y.z)  e  R%  ||(x,y,z)||  =  1 }  . 


The  Gauss  map  for  a  smooth  surface  S  is  equivalent  to  the  normal 
map  for  S  using  unit  normals.  Given  a  differentiable  mapping  F 
between  two  smooth  surfaces  Sj  and  S2  the  differential,  dF,  of  F  is  a 
mapping  of  tangent  vectors  from  the  tangent  plane  at  each  point  p  on 
Si  to  the  tangent  vectors  of  the  tangent  plane  at  F(p)  on  S2.  The 
mapping  dF  is  induced  by  mapping  the  tangent  vectors  of 
parameterized  curves  going  through  p  on  Sj  to  the  tangent  vectors  of 
the  image  of  these  parameterized  curves  under  F  going  through  F(p) 
on  S2.  For  a  formal  definition  of  what  it  means  for  a  function 
between  two  smooth  surfaces  to  be  differentiable  and  a  formal 
definition  of  the  differential  of  a  function  see  [Do  Carmo  1976]. 


The  standard  definition  of  the  curvature  matrix  for  the  smooth 
surface  S  is  as  the  differential  dN  of  the  Gauss  map  N.  Therefore  the 
curvature  matrix  at  a  point  p  on  S  is  the  two-by-two  matrix  which 
when  multiplying  a  vector  v  in  the  tangent  plane  Tp(S)  at  p  gives  the 
rate  of  change  of  the  surface  normal  at  p  along  v.  For  a  given 
parameterization  <Kx,y)  a  derivation  of  the  curvature  matrix  is  given 
using  the  basis  vectors  <]>x  and  <t>y  spanning  the  tangent  plane  at  p.  In 
this  case  the  curvature  matrix  for  S  can  be  represented  by 


e  =  — .  /  =  —  -  — ,  g  =  "  — , 

Vl  +/i  2  +  /i  2  Vl  +  h2  +  h  2  Vl +/i  2+/i  2 

x  y  x  y  x  y 

The  Gaussian  curvature  K  is  defined  to  be  the  determinant  of 
the  curvature  matrix.  Since  the  curvature  matrix  is  a  self-adjoint 
linear  mapping  it  has  two  orthogonal  eigenvectors  which  are  termed 
the  principal  directions  of  curvature.  The  respective  eigenvalues  k, 
and  k2  are  termed  the  principle  curvatures  with  K=k,*k2.  The  mean 
curvature  is  given  by  H*=  l^fkj+k^).  The  derivation  of  the  Gaussian 
curvature  and  the  mean  curvature  using  the  image  plane 
parameterization  above  can  be  found  in  [Do  Carmo  1976],  These  are 
given  by 


K  = 


h  h  —h  2 
**  yy 

(l+/ix2  +  /i2)2’ 


(l+h2  +  h  2fa 

From  the  expression  for  K  above  it  is  clear  that  the 
determinant  of  the  l.  iage  Hessian  has  the  same  sign  as  the  Gaussian 
curvature  and  that  both  are  either  zero  or  non-zero  simultaneously. 
Therefore  the  determinant  of  the  image  Hessian  gives  a  good 
qualitative  measure  of  the  Gaussian  curvature.  While  the  Hessian 
matrix  is  not  truly  the  standard  curvature  matrix,  its  components  can 
be  substituted  into  equations  (2)  and  (4)  along  with  hx  and  h 
obtained  from  the  determination  of  local  surface  orientation.  The 
expressions  for  K  and  H  are  uniquely  determined  from  this 
information.  In  section  4  it  will  be  seen  that  lines  of  curvature  can 
also  be  generated  from  this  given  information.  Note  from  equations 
(4b)  that  the  Hessian  matrix  coincides  with  the  second  fundamental 
form  at  critical  points,  that  is  points  where  hx=hy=0.  Also,  the 
determinant  of  the  Hessian  matrix  is  equal  to  the  Gaussian  curvature 
at  critical  points. 
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3.  DETERMINATION  OF  THE  IMAGE  HESSIAN  FROM 
PHOTOMETRIC  STEREO 


The  image  Hessian  is  determined  from  photometric  stereo  in 
analogous  fashion  to  how  conventional  photometric  stereo 
determines  surface  orientation.  Surface  orientation  is  determined 
from  the  intersection  of  equi-reflectance  curves  in  gradient  spa-e. 
Each  equi-reflectance  curve  arises  from  the  measurement  of  image 
irradiance  in  each  successive  image.  It  was  shown  in  [Woodham 
1980]  that  for  a  Lambertian  reflectance  map  at  least  three  successive 
images  each  using  a  light  source  at  a  different  incident  orientation  is 
required  to  uniquely  determine  any  surface  orientation.  Once  the 
surface  orientation  (p,q,-l)  is  known,  the  reflectance  gradient  (R  , 
R?)  is  also  known.  Substituting  the  image  gradient  value  (Ix,Iy)  from 
a  single  image  into  vector  equation  (1)  in  section  2  gives  rise  to  the 
intersection  of  two  planes  in  a  3-dimensional  feature  space  spanned 
by  hxx,  hxy  and  hyy.  The  components  of  the  image  Hessian  are 
therefore  constrained  by  the  equation  of  a  line. 


The  minus  sign  on  k  results  from  the  definition  of  the  second 
fundamental  form  IIp  at  point  p  defined  by  IIp(v)-  -<dNp(v),  v>. 
Hence  the  matrix  aN+kl  cannot  be  invertible  and  must  have 
determinant  zero.  Therefore, 


det(an+k  M=0 

\a~.  a„+k/ 


21  22  ” 

resulting  in  the  characteristic  equation 


P  +  k(an+a12)  +  aua22-a2ian  =  0  . 


Since  the  sum  of  the  roots  is  equal  to  negative  the  coefficient 
of  the  linear  term  and  H=l/2(kj+k2),  the  characteristic  equation  can 
be  written 


Since  the  image  plane  remains  stationary  for  successive 
images  in  photometric  stereo  the  components  of  the  image  Hessian 
can  be  further  constrained  by  using  the  image  gradient  (Ix*,Iy’)  from 
a  second  image  knowing  the  reflectance  gradient  (RJ,rA  The 
prime  notation  for  R’(p,q)  refers  to  the  same  reflectance  function 
R(p,q)  but  using  the  different  light  source  incident  orientation  which 
is  used  for  the  second  image.  The  vector  equation 


//x'\  / dpldx  dqldx 

\/y'/  _  \dpldy  dqtciy 


is  combined  with  equation  (1)  to  give  four  sets  of  three  simultaneous 
planar  equations  each  with  a  point  solution.  Ideally  all  point 
solutions  should  be  identical.  Since  empirical  measurements  have  an 
inherent  error,  the  point  solutions  are  likely  to  form  a  cluster  and  a 
statistical  method  can  be  used  to  select  the  best  point  value 
associated  with  the  cluster.  If  n>2  successive  images  are  used  only 
sets  of  three  simultaneous  equations  containing  all  three  variables 
hxx,  hxy  and  hyy  produce  point  solutions.  This  results  in  a  total  of 
C(2n,3)-2C(n,3)  point  solutions  forming  a  cluster. 


4.  LINES  OF  CURVATURE  FROM  PHOTOMETRIC 
STEREO 


A  connected  curve  C  on  a  smooth  surface  S  is  a  lir.e  of 
curvature  of  S  ir  for  each  point  p  that  C  passes  through  the  tangent 
line  is  a  principal  direction  of  curvature  at  p  on  S.  Lines  of  curvature 
accentuate  the  shape  of  a  smooth  object  and  provide  a  good  contour 
representation.  It  will  be  shown  here  how  a  line  of  curvature  can  be 
traced  using  the  curvature  matrix.  Since  it  was  shown  in  sections  2 
and  3  how  the  curvature  matrix  could  be  directly  recovered  from 
photometric  stereo,  the  lines  of  curvature  can  be  derived  from  this 
method. 


A2-2//A+AT  =  0 


with  roots 


k  =  H±'lH1-K. 


The  eigenvectors  1®,  i— 1,2  solve  the  homogeneous  system 


(au+k;  a,2\  //| 1  \ 

\an  a22+k.)\iU)  U' 

Hence  lb)  can  be  any  scalar  multiple  of  the  vector 


a 


12 


+k; 


i). 


The  principal  directions  of  curvature  in  3-dimensions  are  given 
by 


using  equations  (3)  in  section  2.  To  generate  a  line  of  curvature 
starting  at  a  point  p  on  S  select  a  principal  direction  of  curvature.  The 
projection  of  this  direction  onto  the  image  plane  is  (1,®,  1  ®). 
Proceed  for  a  distance  As  in  the  image  plane  along  this  vector  until 
another  sampled  image  point  p’  is  reached.  If  the  image  coordinates 
for  point  p  are  (xp,  yp),  the  image  coordinates  for  the  new  image 
point  p’  will  be 


To  obtain  the  two  orthogonal  eigenvectors  of  the  matrix  (ajj), 
the  characteristic  roots  must  first  be  derived.  As  mentioned  in  section 
2  these  are  the  principal  curvatures  kj  and  k2.  Letting  k  represent  any 
one  of  the  principal  curvatures  and  I  be  the  identity  matrix,  the  vector 
v  in  the  tangent  plane  of  a  point  p  on  S  is  an  eigenvector  if 

dN(v )  =  -kv  ~—klv  . 


I  (0  i  (0 

(*  +  .  '  - Aj,  V  + -  2  - A s) . 

V(/,w)2  +  (i2w)2  V(//°)2  +  (/2W)2 

At  p’  select  the  principal  direction  of  curvature  which  is  closest  to 
the  principal  direction  of  curvature  from  the  prev  ious  sampled  point 
and  continue  the  above  process  from  point  to  point.  Since  the 
principal  directions  of  curvature  are  orthogonal  there  should  be  no 
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problem  selecting  the  proper  directions  at  each  point  for  a  reasonably 
well  sampled  image  unless  a  line  of  curvature  has  a  very  severe 
"bend".  In  this  way  a  map  of  tangent  vectors  can  be  generated  for  a 
line  of  curvature  using  equation  (5).  The  tangent  vectors  should  be 
normalized  according  to 


V(/j')2  +  (/2‘)2  -  Ar 


for  each  As  between  sample  points  in  the  image.  It  is  then 
straightforward  to  construct  the  actual  line  of  curvature  in  3- 
dimensions  up  to  vertical  translation  from  the  image  plane. 

5.  CONCLUSION 


It  has  been  demonstrated  that  the  curvature  matrix  for  a 
smooth  surface  can  be  directly  derived  from  a  photometric  stereo 
method  that  utilizes  the  measurement  of  image  irradiance  and  the 
image  gradient.  The  key  difference  between  this  method  and 
previous  methods  of  photometric  stereo  is  the  use  of  image  gradient 
values  between  successive  images  to  completely  recover  the  image 
Hessian  matrix  for  an  arbitrary  smooth  surface.  Previous  derivations 
of  the  image  Hessian  matrix  required  auxiliary  assumptions  about  the 
smooth  surface. 


fhe  relationship  between  the  image  Hessian  matrix  and  the 
standard  curvature  matrix  was  clarified.  The  determinant  of  the 
image  Hessian  provides  an  accurate  measure  of  the  sign  of  the 
Gaussian  curvature.  Therefore  the  photometric  stereo  method 
presented  here  deriving  the  image  Hessian  is  a  very  efficient  way  of 
determining  local  convexity,  concavity  or  flatness  without  having  to 
refer  to  the  normal  map.  It  was  shown  that  the  image  Hessian  could 
be  used  together  with  knowledge  of  local  surface  orientation  to 
determine  the  curvature  matrix  for  an  arbitrary  smooth  surface. 


With  the  curvature  matrix  derived  it  was  shown  how  to 
generate  values  for  the  Gaussian  and  meaa  curvatures.  A  method  was 
given  for  determining  lines  of  curvature  ,'hich  provide  a  good 
contour  representation  for  a  smooth  surface. 
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ABSTRACT 

In  this  paper  we  show  that  the  optical  flow,  a  2-D  field, 
that  can  be  associated  with  the.  variation  of  the  image 
brightness  pattern,  and  the  2-D  motion  field,  the  pro¬ 
jection  on  the  image  plane  of  the  S-D  velocity  field  of 
a  moving  scene,  are  in  general  quantitatively  different, 
unless  very  special  conditions  are  satisfied.  The  optical 
flow,  therefore,  is  ill-suited  for  computing  structure  from 
motion  and  for  reconstructing  the  S-D  velocity  field, 
problems  that  require  an  accurate  estimate  of  the  2-D 
the  2-D  motion  field.  As  a  consequence,  we  argue  that 
the  optical  flow  should  be  used  to  yield  information  of 
a  more  qualitative  type,  such  as  motion  discontinuities. 
We  also  show  how  the  (smoothed)  optical  flow  and  2- 
D  motion  field,  interpreted  as  vector  fields  tangent  to 
flows  of  planar  dynamical  systems,  have  the  same  qual¬ 
itative  properties  from  the  point  of  view  of  the  theory  of 
structural  stability  of  dynamical  systems. 


1.  INTRODUCTION 

A  key  task  for  many  vision  systems  is  to  extract  infor¬ 
mation  from  a  sequence  of  images.  This  information  can 
be  useful  to  solve  important  problems  such  as  recover¬ 
ing  the  3-D  velocity  field,  or  segmenting  the  image  into 
parts  corresponding  to  different  moving  objects,  or  rr 
constructing  the  3-D  structure  of  surfaces.  The  recovery 
of  the  2-D  motion  field ,  (that  we  define  as  the  projection 
on  the  image  plane  of  the  3-D  velocity  field)  is  thought 
to  be  an  essential  step  in  the  solution  of  these  prob¬ 
lems.  The  data  available,  however,  are  temporal  vari¬ 
ations  in  the  brightness  pattern.  These  variations  are 
usually  associated  with  a  perceived  motion  field,  called 
optical  flow  (Gibson,  1950;  Fennema  and  Thompson, 
1979;  Horn  and  Schunck,  1981).  In  order  to  recover 
the  2-D  motion  field,  the  assumption  that  the  2-D  mo¬ 
tion  field  and  the  optical  flow  coincide  has  often  been 
made.  It  must  be  noted  though,  that  this  assumption  is 
clearly  satisfied  only  in  the  case  in  which  variations  in 


the  brightness  pattern  correspond  to  markings  on  the 
visible,  3-D  surfaces.  In  fact  several  authors  have  de¬ 
veloped  algorithms  to  reconstruct  the  2-D  motion  field 
from  optical  flow  data  uefined  only  at  locations  of  fea¬ 
tures  in  the  image  (Hildreth,  1984a, b;  Wax-man,  19S6). 
Examples  in  which  this  assumption  does  not  hold  are 
known  (Horn,  1986),  but  they  have  been  regarded  as 
pathological  cases.  As  a  matter  of  fact,  algorithms  that 
deal  with  the  recovery  of  the  2-D  motion  field  from  dense 
optical  flow  data  have  been  proposed,  with  the  more  or 
less  explicit  assumption  that  the  two  fields  are  the  same 
(Horn  and  Schunck,  1981;  Nagel,  1984;  Kanatani,  1985). 

In  this  paper  we  show  that  tlie  optical  flow  ;  id  the 
motion  field  are  in  general  different,  unless  very  spe¬ 
cial  conditions  are  satisfied.  We  explicitly  compute  the 
difference  between  their  normal  components  (the  com¬ 
ponent  along  the  direction  of  the  gradient)  under  broad 
assumptions.  We  show  that  they  are  arbitrarily  close 
where  the  image  gradient  is  sufficiently  strung  Hence, 
feature-based  matching  algorithms  that  rely  on  edges  of 
various  types  (including  texture  edges)  are  more  appro¬ 
priate  than  point-to-point  ones  to  solve  problems  that 
rely  on  accurate  recovery  of  the  2-D  motion  field,  such 
»s  structure  from  motion.  One  may  then  ask,  what  is 
the  optical  flow  for?  In  the  second  part  of  the  paper  we 
suggest  that  meaningful  information  about  the  3-D  ve¬ 
locity  field  and  the  3-D  structure  can  be  obtained  from 
qualitative  properties  of  the  2-D  motion  field,  such  as 
its  discontinuities.  We  then  argue  that  this  information 
can  be  retrieved  directly  from  the  optical  flow  or  its  nor¬ 
mal  components.  As  an  example,  we  describe  a  specific 
approach  that  exploits  results  from  the  theory  of  stabil¬ 
ity  of  dynamical  systems.  A  more  detailed  analysis  of 
this  approach  will  be  presented  in  a  forthcoming  paper 
by  V.  Torre  and  coworkers. 

The  paper  is  divided  in  two  parts.  In  the  first, 
we  define  the  problem  and  we  state  explicitly  the  as¬ 
sumptions  that  we  have  used.  In  particular,  wc  con¬ 
sider  in  detail  how  image  irradiance  can  be  related  to 
scene  radiance  in  the  case  of  a  scene  consisting  of  non- 
lainbertian  surfaces.  We  describe,  then,  a  method  that 
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allows  us  to  show  that  the  optical  flow  and  the  motion 
field  ar'-  almost  always  different.  We  compute  the  differ¬ 
ence  between  the  normal  components  of  the  two  fields 
assuming,  first,  the  lambertian  model  of  reflectance  and 
then  a  more  realistic  one  for  arbitrary  rigid  motion  of 
a  generic  surface.  We  also  calculate  how  this  difference 
depends  on  the  image  gradient  and  the  3-D  velocity  of 
moving  objects.  In  the  second  part  we  show  how  both 
the  optical  flow  and  the  motion  field  can  be  processed 
to  become  vector  fields  tangent  to  flows  of  dynamical 
systems.  The  optical  flow  then,  can  be  considered  as  a 
perturbed  motion  field  under  the  conditions  determined 
in  the  first  part.  Results  from  the  theory  of  stability  of 
dynamical  systems  suggest  that  qualitative,  stable  prop¬ 
erties  of  the  motion  field  hold  for  the  optical  flow.  We 
sketch  some  example  of  these  properties  and  how  they 
can  be  used  in  a  description  of  the  3-D  velocity  fii  Id.  We 
finally  discuss  briefly  some  connections  with  biological 
systems. 


2.  PRELIMINARIES 

In  this  chapter  we  review  the  definitions  of  motion  field 
and  optical  flow,  and  we  state  the  assumptions  that  we 
used  throughout  the  paper.  In  particular,  we  consider  in 
detail  how  image  irradiance  can  be  related  to  scene  radi¬ 
ance  in  the  case  of  a  scene  consisting  of  non-lambertian 
surfaces. 


2.1.  Definitions 

Let  us  define  notations  and  summarize  definitions  that 
will  be  useful  in  what  follows.  Throughout  the  follow¬ 
ing  we  will  assume,  if  it  is  not  otherwise  stated,  that 
any  expression  can  be  differentiated  as  many  times  as 
nedeed.  Let 

xp  =  — (x  ■  n)n)  (2.1.1) 

v  f  +  x  •  n 

be  the  equation  defining  the  projection  of  a  generic  point 
on  the  image  plane,  where  xp  -  (xp,ypt0)  is  the  posi¬ 
tion  vector  of  the  projected  point,  x  =  (x,y,z)  is  the 
position  vector  of  the  point,  n  is  the  unit  vector  normal 
to  the  image  plane  (projection  plane)  and  /  is  the  focal 
length  (see  Figure  1).  Notice  that  the  origin  0  is  on 
the  image  plane,  the  focus  of  projection  F  is  located  at 
(0,0,  -/),  and  fix  +  x  is  the  vector  pointing  from  F  to 
the  point. 


Figure  1.  The  geometry  of  perspective  projection. 


(2.1.1)  with  respect  to  the  time.  If  v  =  dx/dt  we  have  1 


/ 


f  +  x  ■  n 


(v  —  (v  ■  n)n  —  — j— J — —  (x  —  ( x  ■  rf)n)) 


(2.1.2) 

Notice  that  in  (2.1.2)  vp  is  given  in  terms  of  x  and  v, 
position  and  velocity  of  the  moving  points  in  the  scene, 
which  are  not  known. 


Let  E  —  E(xp,yp,t)  be  the  image  irradiance,  that 
is  the  intens’1  ff  light  at  the  point  (xp,  yp)  of  the  image 
plane  at  the  time  t.  If  V,,  is  the  gradient  with  respect 


to  the  image  coordinates,  then 

dE  dE  _  „  ^ 

-  =  -  +  VrE.v, 

(2.1.3) 

Now  if 

dE  n 
dt 

(2.1.4) 

then,  if  ||V;,£||  ±  0 

dE/dt  VPE  ■  vp 
Ml  '  ||VPE|| 

(2.1.5) 

Therefore,  if  (2.1.4)  holds,  the  projection  of  the  motion 
field  along  the  direction  of  the  gradient  can  be  given  in 
terms  of  derivatives  of  the  image  irradiance  (which  can 
be  computed).  In  what  follows,  this  component  will  be 
called  v±,  or  the  normal  component ;  thus 


_  _  VpjJTpE.  Vp-ff 

||VPJ5||  ||VP£|| 


(2.1.6) 


’it  can  be  easily  shown  that  the  perspective  projection  of 
the  3-D  velocity  vector  is  equal  to  the  velocity  of  the  pro¬ 
jected  point  on  the  image  plane,  since  both  the  vector  are 
defined  in  terms  of  infinitesimal.  This  is  not  true  for  a 
generic,  finite  vector 


The  motion  field  vp  can  be  obtained  differentiating 


Equation  (2.1.5)  can  be  interpretated  as  an  in¬ 
stance  of  the  well-known  aperture  problem  (Marr  and 
Ullman,  19S1;  Horn  and  Schunck,  1981):  the  informa¬ 
tion  available  at  each  point  of  a  sequence  of  frames  is 
only  the  component  of  the  motion  field  along  the  direc¬ 
tion  of  the  image  gradient.  To  recover  a  full  and  unique 
motion  field,  some  other  constraint  is  needed:  Horn  and 
Schunck  (1981),  for  example,  showed  that  there  is  only 
one  2-D  field  whose  normal  component  coincides  with 
(2.1.6)  and  which  is  the  smoothest  of  all  possible  ones. 
Examples  for  which  (2.1.5)  is  not  true  are  well  known 
(Horn  and  Schunck,  1981).  Consider,  for  instance,  a 
rotating  sphere  with  no  texture  on  it  (he.  with  uni¬ 
form  albedo)  under  arbitrary,  fixed  illumination.  Since 
the  image  irradiance  at  each  image  location  docs  not 
change  with  time,  the  left-hand  side  of  (2.1.5)  is  identi¬ 
cally  equal  to  zero,  while  the  right-hand  side  is  different 
from  zero  almost  everywhere.  Notice  that  keeping  the 
sphere  fixed  and  moving  the  light  source  (2.1.5)  is  again 
wrong.  In  this  case,  however,  the  left-hand-side  is  differ¬ 
ent  from  zero  while  is  zero  everywhere.  In  both  cases 
the  perceived  motion  in  the  image  is  different  from  the 
motion  field.  It  is  worthwhile,  then,  to  introduce  a  new 
field,  called  the  minimal  optical  flow ,  related  to  the  per¬ 
ceived  motion  in  the  image,  and  not  necessarily  equal 
to  the  normal  component  of  the  motion  field.  Notice 
that  the  perceived  motion  in  the  examples  above  agrees 
qualitatively  with  the  left-hand-side  of  (2.1.5).  Indeed, 
the  optical  flow  in  the  first  case  is  identically  equal  to 
zero,  while  in  the  second  is  different  from  zero  almost 
everywhere.  Therefore  let  us  define  the  normal  compo¬ 
nent  Op  of  the  optical  flow  as: 


^  _  dE/dt  ■  VPE 
F~  l|V„£||IV^ 


(2.1.7) 


Hence,  with  respect  to  this  definition,  the  minimal  op¬ 
tical  flow  and  the  normal  component  of  the  motion  field 
are  always  directed  along  the  gradient  and  they  coincide 
if  and  only  if  (2.1.4)  holds. 


Remark:  in  the  literature,  it  is  usually  assumed  that 
(2.1.4)  holds.  When  this  is  true,  the  normal  compo¬ 
nents  of  the  motion  field  and  the  minimal  optical  flow 
are  the  same  and  the  latter  can  be  used  as  a  constraint 
to  tuCoVct  tha  2-L  Illation  field. 


that  can  be  thought  emitted  by  each  point  of  a  surface 
S  in  the  scene  in  a  particular  direction.  This  surface 
can  be  fictitious,  or  it  may  be  the  actual  radiating  sur¬ 
face  of  a  light  source,  or  the  illuminated  surface  of  a 
solid.  I  ne  scene  radiance  can  be  thought  as  a  func¬ 
tion  of  the  point  of  the  surface  and  of  the  direction  in 
space.  If  (a,  b)  are  intrinsic  coordinates  of  the  surface 
and  (a,  ft)  polar  coordinates  determining  a  direction  in 
space  with  respect  to  the  normal  to  the  surface,  we  can 
write  L  =  L(ci,  b,  cv,  ft).  Given  the  scene  radiance  it  is 
possible,  in  principle,  to  compute  the  expected  image 
irradiance. 

Assuming  that  the  surface  is  lambertian,  i.e. 
L{a,b,a,ft)  =  L(a,b ),  that  there  are  not  losses  within 
the  system  and  that  the  angular  aperture  (on  the  image 
side)  is  small  it  can  be  proved  (Born  and  Wolf,  1959) 
that 

E(xp(a,b),yp(a,b))  =  L(a,  b)Q  cos4  y>  (2.2.1) 

where  12  is  the  solid  angle  corresponding  to  the  an¬ 
gular  aperture  and  is  the  angle  between  the  principal 
ray  (that  is  the  ray  passing  through  the  center  of  the 
aperture)  and  the  optical  axis.  With  the  further  as¬ 
sumption  that,  the  aperture  is  much  smaller  than  the 
distance  of  the  viewed  surface,  the  lambertian  hypoth¬ 
esis  can  be  relaxed  to  give  (Horn  and  Sjoberg,  1979) 

E(xp(a,b),yp(a,b))  =  L(a,  b,  a0,  ft°)ft  cos4  9  (2.2.2) 

where  o:°  and  ft0  are  the  polar  coordinates  of  the 
direction  of  the  principal  ray.  It  must  be  pointed  out 
that  (2.2.2)  holds  if  L  is  continuous  with  respect  to  a 
and  ft.  In  what  follows  we  will  assume  that  this  is  the 
case.  Furthermore,  we  will  assume  that  the  optical  sys¬ 
tem  has  been  calibrated.  Finally,  notice  that 

v,,fn?,,  =  vsl.  (§,§),  (2.2.3) 

where  Vs  is  the  gradient  with  respect  to  the  surface 
coordinates,  since  differentiating  (2.2.1)  we  have 

VpE  ■  (dxp,dyp)  =  VSL  •  ( da,db ).  (2.2.4) 


2.2.  Scene  Radiance  and  Image  Irradiance 

3.  MINIMAL  OPTICAL  FLOW  AND 
Let  us  review  bnetiy  some  cienmtions  ot  photometry  and  MU  I  IuN  FILLu 

make  explicit  the  constraints  under  which  the  image  ir¬ 
radiance  is  related  to  the  scene  radiance.  The  image 

irradiance  E  is  the  power  per  unit  area  of  light  at  each  We  describe  a  general  method  that  allows  us  to  show 

point  (xp,yp)  of  the  image  plane:  thus  E  =  E(xp,yp).  that  the  minimal  optical  flow  and  the  normal  corapo- 

The  scene  ladiance  L  is  the  power  per  unit  area,  of  light  nent  of  the  motion  field  arc  almost  always  different,  or 
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Figure  2.  Scene  radiance  and  image  irradiancc  in  the  pinhole 
approximation:  the  image  irradiance  at  the  point  (xp,yp)  is 
given  by  the  scene  radiance  at  the  point  (a,  b )  on  the  surface 
in  the  direction  of  the  line  connecting  the  two  points  and 
passing  through  the  pinhole  P //. 

equivalently  that  (2.1.4)  does  not  hold.  We  compute 
the  difference  between  the  normal  components  of  the 
two  fields,  assuming  first  the  Lambertian  model  of  re¬ 
flectance  and  then  a  more  realistic  one  for  pure  transla¬ 
tion,  pure  rotation  and  general  rigid  motion  of  a  generic 
surface.  It  turns  out  that  the  two  fields  are  equal  only 
under  very  special  conditions,  which  can  be  explicitly 
stated.  We  also  show  that  the  difference  is  smaller 
where  the  image  gradient  is  stronger,  justifying  the  use 
of  feature-based  algorithms.  Of  course,  this  argument 
does  not  imply  that  feature-based  algorithms  should  be 
used:  it  says,  however,  that  locations  of  edges  (meant 
here  as  sharp  changes  in  intensity)  contain  most  of  the 
correct  information. 

3.1.  Computing  the  Minimal  Optical  Flow 

Consider  a  rigid  surface  S  moving  t  space  from  (2.2.1). 
The  image  irradiance  E  at  the  rime  t  at  the  point 
(xpi!/p)  is  equal  to  the  scene  radiance  L  at  the  point 


(o,6)  on  S,  i.e.  E(xp,yp,t)  —  L(a,b).  The  image  irra¬ 
diance  at  the  time  t  +  At  is  given  by  the  scene  radiance 
of  the  surface  at  the  time  t  +  At.  As  shown  in  Figure  3, 
the  point  on  S  that  radiates  toward  (xp,  yp)  at  the  time 
t  +  At  is  the  point  (a  —  A  a,  6  —  Aft).2  The  normal  N 
to  S  at  the  time  t  +  At  at  the  point  (a  —  A  a,  6  —  Ah), 
Nt+At(a  ~  Aa,  b  —  Ah),  will  be 

JV,+A,(a  -  Aa,  b  -  Ah)  =  Nt(a  -A  a,b  -  A  b)  +  AN 

(3.1.1) 

where  AN  is  the  first  order  variation  of  N  due  to  the 
motion  of  S  during  the  time  interval  At.  Now  in  the 
case  of  translation 

AN  =  0  (3.1.2) 

while  in  case  of  rotation  with  angular  velocity  u> 

AN  =  w  x  NAt  (3.1.3) 

Notice  that  (3.1.3)  can  be  considered  as  the  expres¬ 
sion  of  AN  for  any  kind  of  motion.  Similarly,  for  each 
argument  .4  of  the  scene  radiance,  we  can  write 

-tii-fA((a!  b)  =  A<(a,  b)  +  A.4.  (3.1.4) 

To  compute  AA,  let  us  distinguish  between  argu¬ 
ments  of  L  that  are  intrinsic  function  of  the  surface  coor¬ 
dinates  (a,  b),  such  as  texture  and  albedo,  and  those  that 
are  in  fact  function  of  the  space  coordinates  ( x,y,z ), 
(such  as  the  illumination  and  the  point  of  view)  and  that 
are  expressed  in  terms  of  ( a,b )  only  for  convenience.  If 
A  is  an  intrinsic  function  of  the  surface  coordinates,  it 
follows  immediately  that 

AA  =  0,  (3.1.5) 

while  if  A  is  a  function  of  the  space  coordinates,  from 
the  Taylor  expansion  we  have 

AA-VA-vAt,  (3.1.6) 

where  V  is  the  gradient  operator  with  respect  to  the 
space  coordinates.  Let  us  assume  that  L  can  be  written 
as  a  function  of  m  arguments  A1,  i  —  1, ...,  m  and  of  N . 
Then,  taking  into  account  (3.1.3)  and  (3.1.4),  (2.2.1) 
becomes 

E(xp,yp,  t  +  At)  =  L(A\(a  -  A  a,  b  -  Ab)  +  AA', 

N,(a  -  Aa,  b  -  Ab)  +  AN)  (3.1.7) 

at  time  t  +  At  and 

E(xp ,  j/p,  t)  =  L(A)(a,  b),  Nt(a,  b))  (3.1.8) 

at  time  t.  Therefore,  using  (3.1.6)  and  (3.1.7), 


*  We  assume  that  the  surface  corresponds  to  a  moving  con¬ 
vex  body  to  avoid  self-occlusions  due  to  the  motion.  In 
fact,  the  computation  that  follows  holds  for  any  convex 
surface  patch. 


Figure  3  Computing  the  minimal  optical  flow:  the  point 
(a,b)  on  S  radiates  tovard  (xp,yp)  at  time  t.  The  point 
(a  —  A a,b  -  A b)  radiates  toward  the  same  point  at  time 
t  +  At.  The  normal  Nx  is  the  normal  to  the  S  at  the  point 
(a,  b)  and  A'2  at  (a  -  Aa,b  -  Aft). 


v 

il^o  Zi' (L(A'‘(a  ~Aa^~  A6)  +  AA\ 

N,(a  -Aa,6-A6)  +  AN)  -  L(A\(a,b),  Nt(a,b))), 

(3.1.9) 

where  the  A.4'  are  computed  using  (3.1.5)  or  (3.1.6) 
according  to  the  kind  of  argument.  From  (3.1.9),  the 
minimal  optical  flow  can  be  derived  easily.  To  simplify 
notation,  let  us  suppress  the  subscript  t  from  Equation 

(3.1.9). 

From  (3.1.9)  we  easily  get 

9E  f da  db\  dL  QL 

if  p  of  the  A\i  =  1, . . .  ,m)  require  the  use  of  (.3. 1.6) 
to  compute  VA  and  §■  =  (|£-,  for  N  = 

(Nx,Ny,N,). 

Therefore,  using  (2.1.6),  (2.1.7),  and  (2.2.4),  we  can 


dL  ■  dL 

W-L  -  °F  =  ^  gX~VA  '  V  +  ON  ' W  X  N  (3  1-1°) 

i=l  1 

Thus,  the  normal  components  of  the  two  fields  are  dif¬ 
ferent  if  the  surface  undergoes  a  motion  with  a  rota¬ 
tional  component,  or  the  reflectance  function  contains 
arguments  depending  on  space  coordinates. 

Let  us  consider  now  some  interesting  examples  in 
detail. 


3.2.  Translation  of  a  Lambertian  Surface 


Consider  a  lambertian  surface  S .  The  scene  radiance 
due  to  S  will  be 

L-pI-N  (3.2.1) 

where  p  is  the  albedo  of  5,  /  the  unit  vector  in  the  di¬ 
rection  of  the  illumination  and  N  is  the  unit  normal  to 
the  surface.  Let  us  compute  the  difference  (3.1.10)  be¬ 
tween  the  normal  components  of  the  optical  flow  and  of 
the  motion  field  corresponding  to  a  translation  of  S  in 
space  with  velocity  v  under  uniform  fixed  illumination. 
Substituting  (3.2.1)  in  (3.1.10)  and  changing  the  sign, 
we  have 

W.L  =  0F,  (3.2.2) 

since  ui  -  0  and  none  of  the  outputs  of  L  in  (3.2.1)  de¬ 
pends  on  space  constraints  (J  is  constant).  Therefore, 
the  minimal  optical  flow  of  a  translating  lambertian  sur¬ 
face  uniformly  illuminated  is  exactly  equal  to  the  motion 
field. 


Remark:  in  the  case  of  non-uniform  illumination  the 
right  hand  side  of  (3.2.2)  contains  an  extra  term  due  to 
A/.  Using  (3.1.6)  to  compute  the  components  of  A/, 

(3.1.10)  yields 


1  /dl  dx  dl dy  dl  dz\ 
!|Vpi?|| ^ \dx  dt  dtj  dt  dz  dt) 


which  can  be  rewritten 


since  dl/dt 
fixed). 


<3’3> 

=  0  (the  illumination  is  supposed  to  be 


3.3.  Rotation  of  a  Lambertian  Surface 

Let  5  be  a  lambertian  su-face  rotatng  in  space  with 
angular  velocity  w.  Let  I  be  again  uniform.  Applying 
the  same  argument  of  the  previous  section  but  taking 
into  account  the  constraint  (3.1.3)  for  V7V,  we  get 
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v±  -  Of 


pN  ■  I  x  w 
l|VP£|| 


(3.3.1) 


In  the  case  of  rotation,  therefore,  even  under  uni¬ 
form  illumination,  the  minimal  optical  flow  and  the  nor¬ 
mal  component  of  the  motion  field  are  different.  They 
are  equal  for  any  surface  only  if  to  and  I  are  parallel. 
This  corresponds  to  the  case  of  a  surface  rotating  around 
an  axis  parallel  to  the  direction  of  uniform  illumination. 
In  the  case  of  non-uniform  illumination,  an  extra  term 
like  the  one  in  (3.2.3)  must  be  added  to  (3.3.1). 


3.4.  Translation  of  a  Specular  Surface 


Let  us  consider  now  a  model  of  reflectance  more  real¬ 
istic  than  the  lambertian  one.  Fc  owing  Phong  (1975; 
see  also  Horn  and  Sjoberg,  1979)  we  define  the  scene 
radiance  as  a  linear  combination  of  a  lambertian  and  a 


specular  term,  i.e. 

L  =  Llamb  +  Lspec- 


(3.4.1) 


The  lambertian  term  is  equal  to  the  one  used  before, 
while  the  specular  term  is 


E  = 


sD  ■  R 
D 


(3.4.2) 


where  s  is  the  fraction  of  light  reflected  by  the  surface, 
D  =  fn  +  x  is  the  vector  pointing  from  the  focus  to  the 
radiating  point  and 

R  =  1-2(1 -N)N  (3.4.3) 


is  the  unit  vector  in  the  direction  of  the  perfect  specular 
reflection.  Let  us  assume  that  s  is  not  a  function  of  the 
direction  of  the  incident  light  and  that  it  is  constant  on 
the  surface.  The  specular  term  is  thus  proportional  to 
the  cosine  of  the  angle  between  the  direction  of  specular 
reflection  and  the  line  of  sight. 


Since  we  are  computing  derivatives  and  L  is  a  lin¬ 
ear  combination  of  Lia,„b  and  L9pec  we  can  compute 
separately  the  contributions  to  the  minimal  optical  flow 
due  to  the  lambertian  and  the  specular  term,  adding 
the  results  afterward.  Therefore,  we  only  need  to  com¬ 
pute  now  the  specular  one.  Let  us  consider,  first,  the 
case  of  pure  translation  of  a  surface  S  radiating  accord¬ 
ingly  to  (3.4.2)  and  let  us  call  S  a  specular  surface.  If  5 
is  translating  with  velocity  v  and  I  is  uniform,  substi¬ 
tuting  (3.4.2)  into  (3.1.10)  and  taking  into  account  the 


constraint  (3.1.2),  we  have 

s  (D2v-R-(D-v)(D-R)) 
Vi~0fD 3  ||VP£|| 


(3.4.4) 


since  from  (3.1.6) 

A D  dD  dx  dD  dy  dD  dz  _  dD 

ii2o  At  dx  dt  dy  dt+  dz  dt  dt 


dx 

dt 

(3.4.5) 


Using  again  the  two  fields  we  get  a  well  known  vector 
identity: 


v±  -  0F  = 


s  (v  x  D)  ■  (R  x  D) 


(3.4.6) 


Thus,  in  the  case  of  translation  of  a  specular  surface, 
the  minimal  optical  flow  and  the  normal  component  of 
the  motion  field  are  always  different. 


3.5.  Rotation  of  a  Specular  Surface 

Consider  now  the  same  specular  surface  S  rotating  in 
space  with  angular  velocity  u).  Then,  substituting 
(3.4.2)  into  (3.1.10)  and  taking  into  account  the  con¬ 
straint  (3.1.3),  we  have,  after  some  algebra, 

- - ' °"  =  51^  (DV  * “> ' ~ 2<j5  ■  *>*>- 

f(n  x  w)  •  (D  x  (D  x  R))\  (3.5.1) 

The  minimal  optical  flow,  therefore,  is  equal  to  the 
motion  field  for  any  specular  surface  only  when  I,  w  and 
n  are  parallel. 


3.6.  General  Case 

Let  us  consider,  now,  the  general  case.  We  will  assume 
(3.4.1)  as  scene  radiance  of  a  surface  S  undergoing  a 
given  rigid  motion  (composition  of  a  rotation  and  a 
translation)  in  space.  Adding  together  (3.3.1),  (3.4.6) 
and  (3.5.2),  we  obtain  the  difference  between  the  mo¬ 
tion  field  and  the  minimal  optical  flow  for  a  surface  in 
the  general  case  under  uniform  illumination,  i.e.: 

pN  ■  I  x  u  s  (vxD)-(RxD) 

||V,£||  +D ’  fv^j 

+  5^  (DHrx„).(B-2(D.N)N) 
-  f(ii  x  u)  ■  (D  x  (D  x  R))^ 

(3.6.1) 

The  right-hand  side  of  (3.6.1)  is  generally  different 
from  zero.  In  fact,  there  arc  no  general  conditions  under 
which  it  is  identically  equal  to  zero.  Notice,  however, 
that  if  u>  and  v  are  bounded 


lim  |v_l  —  0^1=0,  (3.6.2) 

|  vp  /?|— *oo 

Equation  3.6.2  shows  that  the  points  in  the  im¬ 
age  where  the  gradient  is  stronger  are  the  points  where 
the  minimal  optical  flow  is  closer  to  the  motion  field. 
These  points  are  characterized  by  sharp  changes  in  in¬ 
tensity  -  edges  -  that  usually  correspond  to  important 


physical  events  on  surfaces,  such  as  boundaries  and  ori¬ 
entation  discontinuities.  Thus,  to  solve  problems  such 
as  structure  from  motion,  or  the  recovery  of  the  3-D 
velocity  held,  which  require  an  accurate,  quantitative 
estimate  of  the  2-D  motion  held,  edge-based  algorithms 
seem  more  suitable  than  algorithms  based  on  spatial 
and  temporal  derivatives  of  the  image  brightness.  As 
a  consequence,  in  order  to  obtain  a  precise  reconstruc¬ 
tion  of  the  2-D  motion  heid,  algorithms  based  on  the 
solution  of  the  correspondence  problem  among  suitably 
defined  features  (as  in  stereo)  may  be  used.  This  argu¬ 
ment  agrees  with  die  fact  that,  as  intuitively  expected, 
the  minimal  optical  how  and  the  motion  held  at  im¬ 
age  features  corresponding  to  precise  locations  on  the 
3-D  surfaces  coincide.  It  must  be  pointed  out  that  in 
this  analysis  we  have  not  considered  shadows  and  self¬ 
shadow  effects.  They  usually  give  rise  to  edges  in  the 
image  that  do  not  correspond  to  features  in  the  scene. 
Furthermore,  the  Phong  model  of  reflectance  does  not 
include  sharp  intensity  changes  due  to  specularities. 

4.  QUALITATIVE  PROPERTIES:  NOT 
JUST  DISCONTINUITIES 

Traditionally,  the  optical  how  has  been  considered  as  the 
first  step  for  recovering  3-D  structure  and  3-D  motion. 
In  this  chapter  we  suggest  a  different  use  of  the  mini¬ 
mal  optical  how.  We  argue  that  qualitative  properties 
of  the  2-D  motion  held  give  useful  information  about 
the  3-D  velocity  and  the  3-D  structure  of  surfaces  and 
that  these  qualitative  properties  can  be  usefully  inferred 
from  the  obtainable  minimal  optical  flow.  Discontinu¬ 
ities  in  the  optical  flow  are  the  typical  example  of  the 
stable  qualitative  properties  the  optical  flow  can  deliver. 
Motion  discontinuities  can  be  computed  easily  in  many 
cases  (Reichardt  ct  al.,  19S3;  see  also  Little  ct  ah,  these 
Proceedings).  They  are  also  important  for  the  integra¬ 
tion  of  visual  information  (Poggio,  1985b).  They  are 
stable  in  the  sense  that  they  are  likely  to  be  invariant 
to  quantitative  changes  in  the  way  the  optical  flow  is 
computed. 

In  this  chapter  we  discuss  another  example  of  sta¬ 
ble,  qualitative  properties  of  the  optical  flow.  We  in¬ 
troduce  the  qualitative  cpcrtics  associated  with  2-D 
dynamical  systems  and  show  how  to  process  minimal 
optical  flow  and  motion  field  for  making  them  equiva¬ 
lent  to  flows  of  dynamical  systems  on  the  plane.  We 
then  suggest,  from  properties  of  structural  stability  of 
dynamical  systems,  that  the  minimal  optical  flow  may 
be  equivalent  to  the  motion  field  in  terms  of  qualitative 
properties. 


4.1.  Smoothing  the  Optieal  Flow  and  the 
Motion  Field 

In  order  to  establish  a  connection  with  the  theory  of 
stability  of  dynamical  systems,  we  must  insure  that  the 
optical  flow  and  the  motion  field  have  an  appropriate 
degree  of  smoothness.  This  is  not  always  the  case,  be¬ 
cause  of  discontinuities  arising  at  object  boundaries  or 
because  of  noise.  We  suggest  to  use  a  filtering  step  to 
smooth  the  field.  It  is  worthwhile  noticing  that  a  fil¬ 
tering  step  c  n  the  normal  component  of  a  dense  motion 
field  is  a  (regularization)  method  to  recover  the  whole 
2-D  motion  field.  3 

4.2.  Qualitative  Descriptions  of  Dynamieal 
Systems 

For  a  rigorous  and  thorough  review  on  dynamical  sys¬ 
tems  see  Hirsch  and  Smale  (1974).  Here,  for  the  sake  of 
completeness,  we  summarize  the  main  definitions  and 
results. 

A  dynamical  system  is  a  C'1  map  (f>:  R  x  A  —*  A, 
where  A  is  an  open  set  of  an  Euclidean  space  and  writ¬ 
ing  =  <j>t(x ),  the  map  <j>i\  A  A  satisfies: 

(a)  0o :  A  —>  A  is  the  identity; 

(b)  the  composition  x))  =  ifl+3  for  each  t,s  e  R. 

A  dynamical  system  <j>t  on  .4  gives  rise  to  a  differ¬ 
ential  equation  on  .4,  that  is  a  vector  field  ij:  .4  — >  E 
defined  as  follows: 

2/00  =  4  <MO  •  (4.3.1) 

al  (=0 

Thus,  for  every  x,  y(x)  is  the  tangent  vector  to  the  curve 
t  — >  <pi{x)  at  t  —  0.  In  the  following,  we  will  restrict  our 
attention  to  planar  systems,  (i.e.  in  what  follows,  A  will 
be  an  open  set  in  R2).  Solutions  like  x°  are  called  equi¬ 
librium  points  or  equilibria.  The  restriction  to  planar 
systems  reduces  the  classification  to  four  fundamental 
cases: 

I  :  The  saddle:  the  equilibrium  is  unstable  (an  equi¬ 
librium  is  stable  if  any  nearby  solutions  to  it  stays 
nearby  for  all  the  future  time.  It  is  unstable  other¬ 
wise). 


3 4  li is  “smoothed”  2-D  motion  field  may  not  be  the  me 
recovered  using  standard  algorithms,  but  its  qualitative 
properties  arc  likely  to  be  preserved.  The  analogy  we  are 
about  to  present,  indeed,  will  support  this  argument  (and 
the  equivalence  between  qualitative  properties  of  the  2-D 
motion  field  and  the  optical  flow  as  well). 


II:  The  sink  which  is  a  stable  equilibrium.  The  main 
property  of  a  sink  is  that 

lim  x(t)  —  0 

<  — OO 

HI :  The  source.  The  main  property  of  a  source  is  that 
lim  |x(f)|  =  oo 

t—*oo 

and 

lim  |x(t)|  =  0 

l——oo 

.  A  source  can  be  considered  as  the  dual  case  of 
a  sink:  the  phase  portrait  of  a  source  and  of  the 
correponding  sink  are  the  same  except  that  for  the 
direction  of  the  motion  which  must  be  reversed. 

IV-  The  center.  All  the  solutions  are  periodic  with  the 
same  period.  A  center  is  a  stable  equilibrium.  A 
center,  however,  is  not  a  structurally  stable  prop¬ 
erty. 

The  crucial  point  is  that  this  classification  is  ex¬ 
haustive.  Every  solution  to  Equation  (4.3.1)  (in  the 
linear  case)  looks  like  a  saddle,  a  sink,  a  source,  or 
a  center.  The  same  classification  holds  for  the  non¬ 
linear  case.  However  non-linear  systems  are  interesting 
in  themselves,  since  they  can  show  a  different  qualita¬ 
tive  behavior.  A  non-lincar  system  can  have  in  addition 
limit  cycles.  Intuitively,  a  limit  cycle  is  a  closed  orbit 
towards  which  other  solutions’  curves  spiral  with  the 
same  asymptotic  period.  Defining  a  co-limit  set,  Lu(x), 
as  Lu(x)  —  {a  e  A  such  that  3 tn  — »  oo  with  x(t„)  — >  a} 
and  similarly  an  a -limit  set  La(x)  as  La(x)  =  {/;  £  A 
such  that  dfn  — >  -oo  with  x(tn )  —>  h},  a  limit  cycle 
is  a  closed  orbit  7  such  that  7  c  L^{x)  or  7  C  La(x) 
for  some  1^7,  Under  somewhat  more  restrictive  con¬ 
ditions,  a  limit  cycle  can  be  a  periodic  attractor  (for  a 
rigorous  definition  of  it,  see  Hirsch  and  Smale  1974).  In¬ 
tuitively,  a  periodic  attractor  is  a  limit  cycle  such  that 
nearby  trajectories  not  only  have  the  same  asymptotic 
period  but  also  are  in  phase. 

Saddles,  sinks,  sources  and  periodic  attractors  are 
very  important  for  a  qualitative  description  of  planar 
flyMems.  Il  ea;i  shuw.  that ait 
turally  stable ,  that  is  they  persist  after  a  perturbation  of 
the  right-hand  side  of  (4.3.2).  As  far  as  planar  systems 
are  concerned  they  also  fully  characterized  limit  sets. 
By  means  of  the  Poincare-Bendixon  theorem  it  can  be 
shown  that  compact  limit  sets  other  than  limit  cycles 
are  saddles,  or  sinks,  or  sources  or  trajectories  joining 
them. 

4.3.  Equilibria  and  their  Interpretations 

I11  the  definition  of  dynamical  system  the  left-hand  side 


of  Equation  (4.3.1)  can  be  interpretated  as  a  vector  field 
tangent  to  the  family  of  curves  in  the  plane,  solutions 
to  (4.3.1)  itself.  It  is  straightforward  to  see  that  both 
the  smoothed  optical  flow  and  motion  field  (i.e.  after 
the  filtering  operation)  can  be  considered  as  istances  of 
such  a  vector  field  4.  Indeed,  it  is  sufficient  to  insure 
that  both  the  fields  are  continuous  with  continuous  first 
derivatives.  The  classification  of  the  solutions  can  now 
be  interpreted  in  terms  of  characteristic  points  of  the  2- 
D  motion  field.  A  source,  for  example,  corresponds  to  a 
focus  of  expansion  of  the  field.  The  structural  stability 
of  the  source,  in  turn,  says  that  a  focus  of  expansion  per¬ 
sists  even  if  the  field  is  perturbed.  From  this  perspective 
a  focus  of  expansion  is  expected  to  be  detectable  in  a 
2-D  motion  field  reconstructed  with  different  algorithms 
and  in  the  optical  flow  as  well,  when  they  can  be  con¬ 
sidered  as  perturbed  examples  of  the  “true”  2-D  motion 
field. 

4.4.  Discussion 

If  our  point  of  view  is  correct,  the  only  critical  property 
of  the  optical  flow  is  that  it  have  the  same  qualitative 
properties  of  the  2-D  velocity  field.  Quantitative  equiva¬ 
lence,  which  is  impossible  in  general,  is  in  any  case  irrel¬ 
evant  for  this  use  of  the  optical  flow.  As  a  consequence, 
many  different  “optical  flows”  may  be  defined.  Equation 
(2.1.6)  does  not  have  any  priviliged  role:  other  defini¬ 
tions  could  be  preferred  on  the  basis  of  criteria  such  as 
computability  (from  image  data)  or  ease  of  implemen¬ 
tation  (tor  given  hardware  constraints). 

This  point  of  view  has  clear  implications  for  bio¬ 
logical  visual  n< erne*  iajwmI  dtftorliugvwUa  (wy  Iti 
the  retina)  do  not  have  to  compute  the  specific  minimal 
optical  flow  defined  by  equation  (2.1.6):  other,  possibly 
simpler,  estimates  of  the  velocity  field  that  preserve  its 
qualitative  properties  are  equally  good  candidates  (such 
as  correlation-like  algorithms).  This  argument  may  ex¬ 
plain  why  the  models  proposed  to  explain  motion  depen¬ 
dent  behaviour  in  insects  (Hassenstein  and  Reichardt, 

IC56),  invAiou  peteeptfji*  in  IrifeiuAnt  (Van  Sftiittst  wlfl 


4 We  stress  the  fact  that  the  analogy  with  the  dynamical 
system  is  between  phase  portraits  of  dynamical  systems 
and  motion  flows.  The  parameter  t  in  the  definition  of 
dynamical  system  is  not  the  physical  time.  We  consid- 
eied  motion  flows,  such  as  the  2-D  motion  field  or  the  op¬ 
tical  flow  at  a  fixed  time,  comparing  them  with  the  vector 
field  tangent  to  the  phase  portrait  of  some  system:  we  are 
not  interested  in  the  physical  meaning  of  the  underlying 
dynamical  system. 
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Sperling,  1984)  and  physiology  of  cells  (Barlow  and  Lev- 
ick,  1965;  Torre  and  Poggio,  1978)  are  all  implementing 
computations  quite  different  from  the  minimal  optical 
flow  as  it  is  usually  defined  (see  equation  2  1  6).  In  ad¬ 
dition  all  these  models  do  not  typically  measure  velocity 
-  not  even  in  the  case  of  uniform  translation  in  a  fron- 
toparallel  plane.  Even  for  simple  motions  of  the  latter 
type  the  output  of  models  such  as  the  correlation  models 
depends  on  both  the  velocity  and  the  spatial  structure 
of  the  moving  pattern.  One  is  tempted  to  consider  this 
as  a  weakness  of  these  models  compared  to  the  defini¬ 
tion  of  minimal  optical  flow,  Equation  2.1.7.  Our  re¬ 
sults,  however,  show  that  this  is  not  the  case:  first,  the 
minimal  optical  flow  is  correct  only  in  a  very  spjcial 
situation;  second,  all  these  models  may  have  the  same 

qtaftlRatm,  pro;  jrfri  .5  of  rim  Inutii.ru  fluid,  which,  fi Uni 

our  point  of  view,  is  the  only  critical  requirement  for 
a  “good”  measurement  of  motion.  The  next  question 
is  of  course  whether  these  biological  models  are  in  fact 
“close”  enough  to  the  motion  field  to  share  the  same 
qualitative  properties.  We  do  not  know  the  answer  yet. 
We  conjecture,  however,  that  they  are  indeed  usually 
similar  enough  to  preserve  the  main  qualitative  prop¬ 
erties  of  the  motion  field.  The  conjecture  is  based  on 
results  (Poggio  and  Reichardt,  1973  and  Poggio,  1985b) 
showing  that  most  of  the  biological  models  proposed  so 
far  can  be  considered  as  special  instances  or  approxima¬ 
tions  of  a  general  class  of  nonlinear  models  (character¬ 
ized  as  Volterra  systems  of  the  second  order);  and  that 
the  minimal  optical  flow,  as  defined  in  equation  ,  is  also 
approximately  a  Volterra  functional  of  the  second  order 
(Poggio,  1985a). 

It  is  important  to  stress  that  the  approach  outlined 
in  the  second  part  of  this  paper  for  classifying  the  qual¬ 
itative  properties  of  the  optical  flow  is  only  one  of  the 
possible  methods.  While  we  plan  to  develop  further  that 
particular  approach,  others  should  be  explored  as  well: 
in  particular  flows  that  do  not  correspond  to  dynamical 
systems  on  the  plane  may  be  better  suited  for  captur¬ 
ing  important  and  stable  properties  of  the  velocity  field 
such  as  motion  discontinuities  (think  of  hydrodynam¬ 
ics).  In  this  case,  the  classification  of  qualitative  prop¬ 
erties  should  take  place  without  a  preliminary  smooth¬ 
ing  operation.  This  approach  would  have  the  advantage 
of  preserving  the  discontinuities  of  the  field  that,  as  we 
argued,  represent  very  useful  information. 

In  addition  to  the  classification  of  stable  qualita¬ 
tive  properties  of  the  velocity  field,  much  work  needs 
to  be  done  at  the  level  of  their  interpretation  in  terms 
of  3-D  structure  and  3-D  velocity.  Some  of  the  quali¬ 
tative  properties  of  the  (smoothed)  velocity  field  have 
an  easy  interpretation  in  those  terms:  an  obvious  ex¬ 
ample  is  again  a  focus  of  expansion  that  is  related  to 


“crashing”  motion.  It  is  likely  that  many,  more  subtle 
relations  exist  between  the  qualitative  properties  of  the 
flow  and  the  underlying  3  D  motion  and  structure.  For 
example,  preliminary  results  by  Torre  et  al.  (personal 
communication)  suggest  that  the  number  of  focuses  in 
the  (smoothed)  field  may  be  characteristic  for  the  rigid¬ 
ity  of  motion  in  the  visible  scene. 

Finally,  we  should  mention  an  obvious  extension 
of  the  approach  described  in  the  second  part  of  the 
paper.  We  have  onl  considered  so  far  the  velocity 
field  “frozen”  at  a  given  instant  of  time.  The  succes¬ 
sion  of  image  frames  provides  in  fact  a  time-dependent 
field:  the  evolution  in  time  of  the  qualitative  properties 
we  have  described  -  how  they  are  created,  disappear 
and  transform  -  should  be  characterized  in  qualitative 
terms,  for  instance  using  the  language  of  catastrophe 
and  bifurcation  theory.  The  use  of  time-dependent  fields 
should  be  practically  much  more  robust,  because  of  the 
redundant  information  available  in  a  sequence  of  very 
closely  spaced  frames  (in  time).  Our  analysis  should  be 
extended  to  qualitative  properties  that  are  structurally 
stable  not  only  at  a  given  time  but  also  in  the  time 
dependent  field. 
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Abstract 

Computer  vision  algorithms  incorporafe  substantial 
domain  knowledge  and  programming  knovledge.  This 
paper  describes  the  capabilities  needed  for  automatic 
programming  in  the  domain  of  Image  Understanding 
(IU)  algorithms.  A  general  model  of  algorithm  deriva¬ 
tion  is  given  based  upon  an  analysis  of  papers  in  the 
December  1985  IU  workshop  proceedings.  Parts  of  this 
general  model  are  being  implemented  in  the  STRATA 
automatic  programming  system.  The  derivation  of  a 
non-trivial  geometric  optimization  algorithm,  the  Kar- 
marker  linear  optimization  algorithm,  is  given  to  illus¬ 
trate  the  methods  used  by  STRATA. 

1  Introduction 

Computer  vision  presents  unique  opportunities  and 
challenges  to  automatic  programming  research.  Com¬ 
puter  vision  algorithms  incorporate  substantial  domain 
knowledge  from  areas  such  as  geometry,  photometry, 
and  probability.  Computer  vision  is  computationally 
intensive,  yet  even  research  prototypes  must  have  rea¬ 
sonable  running  times  in  order  to  adequately  test  ideas 
against  real  images.  Thus  computer  vision  research 
draws  upon  sophisticated  know;  ige  in  numerical  anal¬ 
ysis,  analysis  of  algorithms,  and  computational  geom¬ 
etry.  Finally  computer  vision  is  a  rapidly  developing 
field  with  new  concepts,  theories,  methods,  and  algo¬ 
rithms  reported  every  year. 

Thii  ;api’f  karri! XtJl  rwu-itrls  ill  pr  .gtnu  fof  partially' 
automating  computer  vision  algorithm  development. 
In  the  near  term,  the  methods  which  have  been  de¬ 
veloped  could  be  used  to  implement  an  intelligent  pro¬ 
gramming  assistant  for  computer  vision  programming. 
The  rest  of  this  introduction  briefly  describes  some  pre¬ 
vious  automatic  programming  research  in  knowledge 
intensive  domains.  It  also  overviews  the  methods  of 
parameterized  theory  instantiation  and  invariant  logic. 
The  second  section  presents  a  general  model  of  Image 
Understanding  algorithm  derivation  with  a  brief  anal¬ 
ysis  of  selected  papers  from  the  last  IU  workshop.  The 
third  section  is  a  conceptual  overview  of  the  Karmarker 


linear  programming  algorithm.  This  algorithm  resem¬ 
bles  many  of  the  non-linear  optimization  algorithms 
that  arise  in  computer  vision.  The  Karmarker  algo¬ 
rithm  is  also  a  good  illustration  of  the  automatic  pro¬ 
gramming  methods  I  have  developed.  The  last  section 
is  a  mechanizeable  derivation  of  a  Karmarker  algorithm 
variant  based  upon  parameterized  theory  instantiation 
and  invariant  logic. 

Most  research  in  automatic  programming  has  been 
in  knowledge-poor  domains,  where  the  primary  com¬ 
plexity  is  in  algorithm  derivation.  An  exception  is  the 
work  of  Barstow  et  al  [Bar86]  on  synthesizing  pro¬ 
grams  for  the  domain  of  oil  exploration  at  Schlum- 
berger.  Barstow  finds  that  the  complexity  of  oil  ex¬ 
ploration  software  arises  from  the  wealth  of  the  oil 
exploration  problem  domain,  not  the  algorithms  em¬ 
ployed.  In  contrast,  computer  vision  software  is  com¬ 
plex  due  to  both  the  wealth  of  the  problem  domain 
and  the  sophistication  and  variety  of  the  algorithms 
which  are  employed.  The  major  challenge  of  computer 
vision  programming  is  the  interaction  of  sophisticated 
domain  knowledge  and  sophisticated  algorithm  knowl¬ 
edge.  The  same  conclusion  has  been  reached  by  Kant 
[KN83]  who  has  examined  the  domain  of  computational 
geometry. 

The  idea  of  formalizing  high  level  algorithm  schemas, 
such  as  iterative  convergence  and  hill  climbing,  is  well 
known  although  their  use  in  automatic  programming 
is  fairly  recent  |Smib5]  |Ric86].  In  my  research, 
the  applicability  conditions  for  an  algorithm  schema 
Afr  f u|,rrrfrn tr  1  Wlnrat  ivwjy  :ii,  a  ,  uviririrri'’’  1  i"  ■  ri 
[GB85],  Actually,  the  relationship  between  the  abstract 
input/output  conditions,  the  problem  structure  used  by 
an  algorithm,  and  the  algorithm  schema  itself  is  fairly 
complex  and  has  usually  been  given  a  schema  specific 
procedural  encoding.  A  general  declarative  represen¬ 
tation  is  necessary  for  cleanly  specifying  the  incorpo¬ 
ration  of  many  different  schemas  into  one  particular 
algorithm,  and  also  for  facilitating  the  use  of  different 
search  techniques  in  instantiating  an  algorithm  schema. 
The  details  of  the  declarative  representation  for  algo¬ 
rithm  schemas  can  be  found  in  [Low87],  this  paper 
illustrates  their  use  in  algorithm  synthesis  through  pa- 
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rameterized  theory  instantiation.  The  mathematical 
theory  of  parameterized  theories  lias  been  developed  by 
theoreticians  applying  mathematical  logic  to  abstract 
data  types  [GTW78]. 

Another  area  of  intensive  research  in  automatic  pro¬ 
gramming  has  been  the  automatic  selection  of  efficient 
data  types  for  set  theoretic  constructions.  This  is  the 
concern  of  the  SETL  project  [SSS8G] .  Yet  most  scien¬ 
tific  programming  that  is  related  to  real  world  physics 
relies  upon  the  efficient  implementation  of  geometric 
constructions  and  operations.  This  is  certainly  true  of 
IU  (image  understanding)  and  robotics. 

My  research  on  automatic  programming  develops  a 
framework  for  choosing  efficient  data  types  for  geomet¬ 
ric  constructions.  This  framework  is  based  upon  the 
modern  approach  to  Geometry  first  proposed  by  Felix 
Klein: 

A  geometry  is  the  study  of  the  properties  of 
a  set  S  which  remain  invariant  when  the  ele¬ 
ments  of  a  set  S  are  subjected  to  the  transfor¬ 
mations  of  some  transformation  group. 

The  role  of  invariants  and  transformation  groups  is 
central  to  modern  geometry  and  physics,  in  fact  Ein¬ 
stein  at  one  time  called  his  theory  Invariant  Theory. 

I  apply  this  idea  to  automatic  programming  by  find¬ 
ing  the  invariants  of  a  problem  for  which  an  algorithm 
is  to  be  synthesized.  The  invariants  of  a  problem  indi¬ 
cate  in  what  abstract  theory  a  problem  should  be  for¬ 
mulated,  and  what  transformations  can  be  applied  in 
choosing  an  efficient  formulation  of  the  problem.  The 
idea  of  reformulating  a  problem  using  a  transformation 
which  leaves  the  io-belmvior  invariant  is  the  source  of 
power  for  the  Karmirker  linear  optimization  algorithm, 
whose  synthesis  will  be  described  in  this  paper. 

2  Model  of  Algorithm  Derivation  for 
IU  applications 

The  following  model  of  algorithm  derivation  for  im¬ 
age  understanding  is  based  upon  my  own  experience 
in  :omputer  vision  [LM81]  [Fea82]  [LM82]  [Low82] 
[WBKL83]  and  my  association  with  Stanford’s  vision 
group.  The  model  will  be  illustrated  with  a  sampling 
of  those  papers  in  the  1985  IU  proceedings  whose  ti¬ 
tle  indicated  an  emphasis  on  algorithms1  :  [PRH85], 
[Lee85],  [CK85] .  Parts  ol  this  model  are  being  mecha¬ 
nized  in  my  research  on  automatic  programming,  while 
other  parts  will  be  studied  in  future  research.  Total 
success  in  mechanizing  this  model  would  automate  IU 

’Thanks  to  Professor  Binford  for  this  suggestion 


research!  Most  likely,  this  research  will  lead  to  the  de¬ 
velopment  of  an  intelligent  programming  assistant  for 
rapid  prototyping  of  IU  algorithms  and  for  verifying 
the  correctness  of  IU  algorithm^. 

I  he  general  model  of  IU  Algorithm  derivation: 

1.  Formulate  an  ill-structured  problem  as  a  formal 
mathematical  problem.  Examples  of  ill-structured 
problems  are  recovering  depth  from  shading,  de¬ 
riving  motion  parameters  from  successive  camera 
frames,  or  interpolating  depth  information  from 
sparse  data.  The  formal  problem  is  often  formu¬ 
lated  as  finding  a  solution  to  a  set  of  equations,  or 
an  optimal  solution  to  a  set  of  equations. 

2.  Instantiate  several  known  algorithm  schemas  to 
derive  a  skeleton  algorithm  which  solves  the  for¬ 
mal  problem.  For  example,  hill  climbing,  iterative 
convergence,  and  coarse-to-fine  are  all  algorithm 
schemas  that  were  used  in  the  papers  mentioned 
above. 

3.  The  skeleton  algorithm  is  instantiated  down  to  the 
level  of  language  independent  subroutines,  such  as 
gaussian  elimination  or  linear  least  squares.  These 
subroutines  would  be  reasonably  expected  to  be  in 
a  scientific  library  package. 

The  following  papers  from  last  year's  IU  proceedings 
illustrate  this  model  of  algorithm  derivation: 

Pavlin  [P RI 185]  analyzed  an  algorithm  for  detecting 
translational  motion.  The  ill-structured  problem  is  to 
determine  vehicle  motion  using  vision.  This  problem 
is  formalized  as  an  optimization  problem,  namely  min¬ 
imizing  the  global  error  for  the  parameters  of  transla¬ 
tional  motion  given  correlation  of  feature  in  successive 
camera  frames.  The  top  level  of  the  algorithm  uses  a 
coarse  to  fine  search  to  determine  the  parameters  of 
translational  motion.  Within  each  level  of  coarseness, 
a  hill  climbing  algorithm  is  used  to  find  the  parameter 
values  with  minimal  error.  The  knowledge  needed  for 
this  algorithm  includes  probability,  geometry,  and  the 
search  schemas  of  coarse-to-fine  and  hill  climbing. 

Lee  [Lee85]  presents  an  iterative  algorithm  for  shape 
from  shading.  The  ill-structured  problem  is  to  deter¬ 
mine  shape  from  shading  and  occluding  boundaries. 
This  problem  is  formalized  as  an  optimization  problem 
over  a  set  of  non-linear  equations.  The  paper  shows 
existence  and  uniqueness  of  a  minimal  solution  of  the 
non-linear  equations,  and  proves  that  a  new  iterative 
algorithm  based  on  spline-smoothing  converges. 

Choi  [CK85]  presents  a  parallel  algorithm  for  solving 
the  depth  interpolation  problem.  They  state  in  their 
abstract:  “Many  low  level  computer  vision  problems, 
including  depth  interpolation,  can  be  cast  as  solving  a 
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symmetric  positive  definite  matrix."  First,  the  depth 
interpolation  problem  is  formalized  as  solving  a  set  of 
linear  equations.  Because  of  the  special  form  of  the  ma¬ 
trix,  various  iterative  methods  with  fast  convergence 
rates  are  applicable.  The  major  part  of  the  paper  de¬ 
scribes  the  parallelization  of  an  adaptive  chebyshev  ac¬ 
celeration  method,  using  a  a  parallel  tree  architecture. 

The  first  step  of  formalizing  an  ill-structured  prob¬ 
lem  involves  many  creative  aspects  based  on  experience 
and  judgement.  Simplifying  assumptions  are  invoked 
which  hopefully  do  not  exclude  the  real  world  prob¬ 
lems  which  motivated  the  research.  This  is  why  testing 
against  real  data  is  the  ultimate  verification  of  an  IU 
algorithm.  Methods  for  deriving  an  algorithm  given  a 
formal  mathematical  specification  are  described  in  sub¬ 
sequent  se  tions. 

3  Linear  Optimization 

Linear  optimization  is  finding  the  optimum  value  of  a 
linear  cost  function  given  a  set  of  linear  constraints.  As 
shown  in  the  previous  section  mathematical  optimiza¬ 
tion  is  at  the  core  of  many  IU  algorithms.  Sometimes 
the  cost  function  or  the  set  of  constraints  is  non-linear, 
but  the  derivation  of  these  algorithms  have  much  in 
common  with  the  linear  case.  The  derivation  of  a  vari¬ 
ant  of  the  Karmarker  algorithm  is  used  to  illustrate 
my  methods  of  automatic  programming  and  problem 
reformulation.  This  section  presents  an  overview  of 
linear  programming  algorithms  and  the  reformulation 
methods  used  to  synthesize  them  from  specification. 
The  next  section  presents  the  details  of  the  algorithm 
derivation. 

A  linear  cost  function  over  RN  is  expressed  as  a  func¬ 
tion  of  the  following  form: 

a:xi  +  a?x  2  +  ...anxn 

in  linear  optimization,  the  objective  is  to  minimize 
(or  equivalently  maximize)  this  function  over  a  domain 
which  is  defined  by  a  set  of  linear  equalities  and  in¬ 
equalities: 

anX]  +  <112^2  +  •••ajna'n  =  b\ 

~b  &m2X2  T  ^ 

from  the  more  abstract  viewpoint  of  Euclidean  ge¬ 
ometry,  the  linear  constraints  describe  a  convex  polyhe- 
Ira  (possW  !y  unbound,,  a  .  r  null),  an!  ihc  c^sd  funtlki, 
describes  a  direction.  The  desired  output  is  the  point 
on  the  polyhedra  which  is  furthest  along  the  direction 
vector. 

The  insight  of  the  simplex  algorithm  is  that  the  out¬ 
put  will  be  a  vertex  of  this  polyhedra  (or  at  least  in¬ 
clude  a  vertex  in  degenerate  cases  where  an  entire 
edge  or  plane  is  perpendicular  to  the  direction  vector). 
The  skeleton  of  the  simplex  algorithm  is  hill  climb¬ 


ing  between  adjacent  vertices  until  a  local  optimum 
is  reached.  Because  of  convexity,  a  local  optimum  is 
guaranteed  to  be  a  global  optimum. 

The  insight  of  the  Karmarker  algoritlim  is  that  the 
linear  optimization  problem  is  abstractly  a  problem  of 
oriented  projective  geometry.  This  means  that  only  in¬ 
cidence  (e.g.  point  p  is  on  line  1)  and  sidedness  (e.g. 
points  p  and  q  are  on  opposite  sides  of  line  1)  are  es¬ 
sential  properties  for  solving  linear  optimization  prob¬ 
lems.  Distance  metrics,  angle  metrics,  even  parallelism 
are  irrelevant.  In  other  words,  linear  optimization  is 
invariant  under  projective  transformations  which  pre¬ 
serve  orientation.  The  modified  Karmarker  algorithm 
is  somewhat  less  general,  using  the  invariance  of  linear 
optimization  under  affine  transformations.  The  differ¬ 
ence  is  that  the  modified  version  preserves  parallelism, 
consequently  it  is  not  a  provably  polynomial  time  algo- 
ritlrm.  However,  both  the  algorithm  and  the  derivation 
are  easier  to  explain,  while  preserving  the  flavor  of  the 
Karmarker  algorithm.  On  practical  problems,  the  Kar¬ 
marker  algorithm  and  the  modified  version  have  similar 
performance. 

The  skeleton  algorithm  for  the  Karmarker  algorithm 
and  related  algorithms  that  travel  through  the  center  of 
the  polyhedra,  as  opposed  to  the  boundary  of  the  poly¬ 
hedra,  is  an  iterative  approximation  algorithm.  Each 
iteration  begins  with  the  polyhedra,  the  direction  vec¬ 
tor,  and  an  approximate  interior  optimal  point  and  de¬ 
rives  a  better  interior  approximation  to  the  optimal 
point.  Convergence  is  measured  by  the  number  of  bits 
of  accuracy  of  the  approximate  point  to  the  actual  opti¬ 
mal  point,  so  the  iteration  resembles  Newton’s  method. 

The  major  constraint  of  the  inner  loop  is  that  the 
new  approximation  is  an  interior  point.  This  constrains 
how  long  a  step  length  can  be  taken.  The  solution  is 
to  reformulate  the  approximation  problem  for  each  in¬ 
ner  loop  io  a  canonical  approximation  problem  using 
affine  or  projective  transformations.  The  inverse  trans¬ 
formation  is  used  to  map  the  new  approximation  in  the 
reformulated  problem  back  to  a  new  approximation  in 
the  original  problem  space.  Basically,  the  canonical  ap¬ 
proximation  problem  assumes  that  the  interior  point  is 
at  location  (l,  1, 1,  1...V)1' ,  and  the  problem  is  to  find  a 
better  point  whose  co-ordinates  are  non-negative,  i.c. 
which  it  in  the  positive  ctthsrrtv  The  eoltUiott  ie  mtih 
pie  -  take  a  unit  step  length  in  the  optimal  direction. 
This  basic  idea  is  modified  to  define  a  polyhedra  as 
the  intersection  of  the  positive  orthant  and  an  affine 
subspacc.  In  this  case  the  old  approximation  and  the 
new  approximation  are  projected  onto  the  affine  sub- 
space.  An  affine  subspace  is  defined  by  the  following 
parametric  equation: 

Ax  =  b 
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Thus  the  skeletal  algorithm  is  an  iterative  approx¬ 
imation  with  the  inner  loop  requiring  a  transforma¬ 
tion  to  a  canonical  approximation  problem,  solving  the 
canonical  approximation  problem  (using  a  linear  least 
squares  approximation  for  projecting  onto  the  affine 
subspace),  and  then  transforming  the  new  approxima¬ 
tion  back  onto  the  original  problem  space. 

4  Karmarker  Algorithm  Derivation 

The  Karmarker  polynomial  time  algorithm  for  linear 
programming  has  sparked  tremendous  interest  in  the 
operations  research  community  and  has  inspired  oth¬ 
ers  to  investigate  similar  methods.  The  first  theoreti¬ 
cally  polynomial  time  algorithm  for  linear  optimization 
[Kha79]  was  not  a  practical  alternative  to  the  simplex 
algorithm.  In  practice  the  simplex  algorithm  is  linear 
in  the  number  of  constraints,  though  in  the  worst  case 
can  be  exponential  in  the  number  of  variables.  The 
Karmarker  algorithm  and  some  variants  are  both  theo¬ 
retically  polynomial  and  are  competitive  with  the  sim¬ 
plex  algorithm  in  practice.  These  iterative  algorithms 
are  based  upon  repeated  projective  transformations  to 
a  canonical  problem  of  optimization  over  a  sphere  in¬ 
scribed  in  the  feasible  region.  It  is  this  reformulation 
to  a  canonical  problem  which  is  of  major  interest  with 
respect  to  my  reformulation  methods. 

In  this  section  a  simple  variant  based  upon  repeated 
affine  transformations  is  derived.  This  algorithm  has 
the  same  skeleton  as  the  original  Karmarker  algorithm, 
and  appears  to  have  substantial  practi-.d  value.  In¬ 
terestingly,  this  algorithm  is  not  theoretically  polyno¬ 
mial  time.  This  is  because  affine  geometry  is  not  as 
abstract  as  projective  geometry  (affine  geometry  pre¬ 
serves  parallelism),  and  hence  projective  transforma¬ 
tions  are  more  powerful  and  can  lead  to  theoretically 
faster  convergence.  Despite  being  theoretically  less 
powerful,  this  simple  variant  illustrates  the  abstrac¬ 
tion/implementation  method  of  reformulation. 

The  key  to  the  abstraction/implementation  method 
of  reformulation,  as  applied  to  geometrical  problems, 
is  to  find  the  transformations  which  leave  the  prob¬ 
lem  invariant.  This  information  can  then  be  used  in 
two  ways.  In  the  first  method,  called  canonicaliza- 
tion  which  is  illustrated  here,  these  transformations  are 
used  to  reformulate  a  problem  to  a  canonical  problem. 
For  example,  in  a  combinatorial  problem  involving  lists 
where  the  problem  is  inva  iant  under  reordering  of  the 
lists,  then  the  lists  could  be  sorted  to  make  the  solu¬ 
tion  efficient.  In  the  secoi.J  nretlmd,  w!  i*. 

developed  in  [Low87],  the  definition  of  the  problem 
is  abstracted  into  terms  which  are  invariant  under  the 
transformations.  For  example,  lists  which  can  be  re¬ 


ordered  would  be  abstracted  to  bags.  This  method  is 
more  powerful  than  the  first  since  ang  implementation 
of  bags  can  be  chosen,  not  just  canonicalized  lists. 

The  formal  specification  of  the  problem  from  which 
an  algorithm  will  be  derived  is  the  standard  form  for 
linear  optimization2: 

Minimize  cx 

such  that  .-I J  =  b  and  r, . rn  >0 

The  first  step  in  the  invariant  method  is  to  symbol¬ 
ically  solve  for  transformations  which  leave  the  prob¬ 
lem  invariant.  An  alternative  to  carrying  out  symbolic 
matrix  mgebra  jfi  Invariant  Logic  [Low87],  Invariant 
Logic  solves  lor  problem  invariants  using  the  invariant' 
of  known  relations: 

/ nvariant{I nddenr-t,  Projccti vc-Tr an sj ormations) 
I  n  variant  (Or  den  nrj ,  0  ricn  t(  dProjcctivcTrans ) 

I  nvanani(X  on  Xcgativr,  Posit  ii  c  Scaling )  -1 
Groups  of  invertible  transformations  (over  an  N  di¬ 
mensional  vector  space  defined  on  a  Field  F)  form  a 
lattice  under  inclusion.  The  bottom  of  the  lattice  is 
the  singleton  group  consisting  of  the  identity  transfor¬ 
mation.  The  top  of  the  lattice  is  all  possible  invertible 
transformations.  A  problem  is  guaranteed  to  be  in¬ 
variant  under  the  intersection  of  the  invariants  of  tin- 
relations  which  define  the  problem.  This  intersection 
ran  lie  found  through  the  join  of  the  invariants  of  the 
composing  relations,  which  can  be  thought  of  as  the 
greatest  common  denominator.  This  simple  method 
will  not  always  find  the  meat  general  group  of  trans¬ 
formations  which  leave  a  prtibh-m  invariant,  for  a  more 
powerful  method  see  [Lows?]. 

1  he  simplified  im-tlmd  of  Invariant  Logic  is  to  e|,as 
si fy  the  constituent  parts  of  the  problem  definition  by 
tlu-ir  invariants  and  then  to  intersect  these  invariants, 
l-or  example,  A.r  =  />  is  an  incidence  relation  and 
hence  invariant  under  all  projective  transformations. 
Mrnimm  r.r  is  an  ordering  relation  and  an  incidence 
relation,  so  it  is  invariant  under  ore-nted  projective- 
t  ransformai  ions.  After  applying  Invariant  Logic  to  t  Ids 
definition  of  linear  opt  imi/at  ion  through  simple  for  war  I 
chaining,  the  following  theorem  is  derived: 

!  nva  nnn  :{!.uu  a  rO  ftnni  '.a  .  P  s’- In  t  S'- a  h  i  7 )  ’ 

1  he  method  ol*  panmiftm/F-d  tlm^ry  instantiation  is 
illustrated  by  instantiating  the  schema  f«;r  iterative  im- 

2Some  authors  call  this  the  canonical  form 
^Although  positive  translations  also  leave  non- negativity  in¬ 
variant,  their  inverses,  negative  translations  do  not  leave  non- 
IVt'gMA  ity  ITAftTr  ifA  /YOtrtitty,  InjTFlT^^Tve  pr>-‘T'sTA  hvg  rnveTu^e 
transformations  are  more  general  than  positive  scaling  transfor¬ 
mations  I'or  example,  Karmarker  in-  1  a  projective  t  raiisf  •rma- 

ii  »  fli.l  nr  r«<5|r '«■-.!  .  r.  \\  •  >.; 

4  Only  in  the  canoriicali/.alion  method  does  non- negate,  it y 
need  to  he  kept  invariant  In  the  more  general  ahitr.v- 
tion/irriplemeritalion  method  the  non- negativity  constraint  is 
abstracted  to  the  intersection  of  It a  If- spaces 
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provement  for  Linear  optimization.  This  forms  the  top- 
level  skeleton  of  the  Karmarker  algorithm.  The  first 
step  is  to  instantiate  the  abstract  input-output  relation 
to  the  actual  input-output  relation.  This  involves  gen¬ 
erating  s  ssbefitulioft  t!«*  U  S  -.ivA  ire:!1' 

Cost-Relation  such  that  the  instantiated  axioms  are 
provable.  For  iterative  improvement,  the  axioms  of 
the  abstract  input-output  relation  are  that  the  cost- 
relation  between  feasible  outputs  is  total  and  transi¬ 
tive. 

Iterative  Improvement  Schema5 
Abstract  Input-Output  Relation: 

Domain  D 

Cost-Relation:  DxD 
Input  S  C  D 
Output,  out  £  S 

IORelation  Vy  £  S  CostRelation{out,  y) 

Axioms 

Vx,  y  £  D  CostReIaiion(x,  y )  OR  CostRelation(y ,  x) 
Vx,  y,z  P 

D  Co$iRelation(x,  y)  AND  Cost Rclatiov(y,  c)  => 
CostRelation(x,  c) 

Additional  Problem  Structure: 

Better-element:  D  —  D 

Axioms  for  additoional  problem  structure: 

Vx  £  D  Belter Elcmcnt(x)  £  D 

Vx  C  ij  C*  vst 1 1  c t  u  "i  u (/  ( ./ ,  to  l  tf e  <  fjL  rru.  n  j) 

The  following  instantiation  of  the  abstract  input- 
output  relation  successfully  matches  the  formal  spec¬ 
ification  for  linear  optimization: 

D  s-  Rn 

S>-*{x\Ax  =  bANDx,  >0} 

CoslRelalion(x,y )  >— *  cx  >  cy 

The  next  step  is  to  instantiate  the  additional  prob¬ 
lem  structure  which  forms  the  applicability  conditions 
of  iterative  improvement  for  optimization  problems 
From  an  AI  viewpoint,  this  is  a  search  problem  which 
uses  constraint  propagation.  In  particular,  the  instan¬ 
tiation  01  the  dbsti  act  mpni-uUlpUt  ivlaUun  pdi  tidily 
constrains  the  choice  of  the  better-element  function. 
An  additional  source  of  constraint  is  efficiency  criteria, 
which  are  discussed  in  [Low87], 

For  this  example  of  instantiating  iterative  improve¬ 
ment,  the  additional  problem  structure  which  is  par 
tially  constrained  is  the  better-element  function.  The 
constraints  on  this  function  are  that  its  output  be  a 
member  of  S,  and  that  the  output  has  better  cost  than 
the  input,  as  expressed  in  the  two  axioms.  It  is  the  first 
constraint,  that  the  output  be  a  member  of  S,  which 
generates  the  canonicalization  reformulation. 

5Newton's  Method,  among  others,  is  a  specialization  of  this 
schema. 


Using  the  following  domain  knowledge  about  linear 
least  squares,  the  constraint  that  the  output  of  Better- 
element  be  in  the  affine  s  Up  to  defined  by  Ax  —  b  is 
factored  out,  leaving  the  constraint  of  non-negativity 
(I  i&Gar  T.-rail  Squurrai*  abbreMi&t-eJ  RTS,  wh+4  Ab'lwe 
Spaced  is  abbreviated  AfS): 

Vx,  AfS  LLS(x,  A  f  S)  £  AfS 

Vx,y,AfS  LLS(x  +  y,AfS)  -  LLS(x,  Af  S)  + 

LLS(y,AfS) 

Vx,y,c,  Af  S  cx  >  cy  c(LLS(x,  Af  S))  > 

c(LLS{y ,  AfS)) 

These  equations  are  elementary  consequences  of  lin¬ 
ear  least  squares  being  an  orientation-preserving  linear 
operator.  A  simple  consequence  of  these  equations  is 
the  following  theorem  which  is  used  in  turn  to  derive  a 
sufficient  condition  on  the  better-element  function. 

Vx,  y,  c,  AfS  cy  >  0  c{LLS{x  - f  y,AfS))  > 
c(LLS(x ,  AfS)) 

Vx,  y ,  c,  AfS  x,  >  0  AND  cy  >  0  AND  x  -f  y  >  0  => 
Better  Element)  L/,S(x,  .4x  =  b))  =  LLS(x  -f  y,  Ax  = 

b) 


Thus  constraint  propagation  yields  sufficient  condi¬ 
tions  on  an  increment  vector  y  for  iterative  improve¬ 
ment.  These  conditions  are  independent  of  the  partic¬ 
ular  affine  subspace,  because  the  linear  least  squares 
operator  incorporates  the  constraint  of  being  in  the 
mlrt,  .v.1*  [t  it  lit  pm  whkh 

can  be  reformulated  through  positive-scalii. j  transfor¬ 
mations  to  the  canonical  problem  of  optimization  over 
a  unit  sphere  centered  at  the  vector  (1,  1,  I , . .  I ) 7 .  YVe 
assume  that  the  following  domain  knowledge  is  avail¬ 
able  to  STRATA: 

Inscribcd(Sphcre((l,l  ,1 , 1 ...  1 ),  I  ),positiveorthant) 

Optimize(dircction, sphere)  =  center  +  radius  * 
direction 

Through  additional  instantiation,  the  vector  x  is 
mapped  to  the  center  of  the  unit  sphere  and  the  incre¬ 
ment  vector  y  is  mapped  to  the  radius*direction.  This 
gitam  a  tail  1  ! 

for  any  direction  vector  and  affinespace  if  the  current 
interior  point  is  the  unit  vector  ( 1 ,  1 ,  1 , ..  1 ); .  However, 
Invariant^Logic  has  shown  that  the  linear  optimization 
problem  is  invariant  under  positive  scaling!  Thus,  it  is 
always  possible  to  reformulate  to  the  canonical  prob¬ 
lem  where  the  current  interior  point  is  the  unit  vector. 
This  yields  the  algorithm  discussed  in  section  3. 

The  bawd!  -'ImvatHiw  gif-efi  tap 

tures  the  major  features  of  the  Karmarker  linear  pro¬ 
gramming  algorithm.  The  methods  of  Invariant  Logic 
and  Parameterized  Theory  Instantiation  play  a  critical 
role  in  incorporating  domain  knowledge  and  algorithm 
knowledge  into  the  derivation.  This  derivation  ignores 
many  special  cases,  which  would  be  tedious  to  present 


in  this  paper.  At  present,  my  research  work  includes 
mechanizing  this  derivation  and  extending  the  methods 
to  incorporate  efficiency  constraints. 

5  Summary 

This  paper  lias  discussed  the  capabilities  needed  for 
deriving  Image  Understanding  algorithms.  Automati¬ 
cally  formulating  an  ill-structured  problem  as  a  formal 
mathematical  problem  is  beyond  the  horizon  of  current 
AI  research.  Deriving  an  efficient  algorithm  for  a  for¬ 
mal  mathematical  problem  is  the  subject  of  this  paper. 

One  major  requirement  is  to  represent  high-level  pro¬ 
gramming  knowledge  in  a  clean  modular  representa¬ 
tion.  This  facilitates  the  interaction  of  domain  knowl¬ 
edge  and  programming  knowledge.  Parameterized  the- 
Cfk*.  turfi  nsHfu*  ib^ry  tuw  i*nnitr*i  LnipiLvrTiirn.t,  eni 
used  in  STRATA  to  represent  high-level  programming 
knowledge.  Instantiating  the  parameters  for  a  partic¬ 
ular  problem,  such  as  linear  optimization,  results  in  a 
top-level  description  of  an  algorithm.  Since  the  param¬ 
eters  are  mutually  constraining  through  the  axioms  of 
the  theory,  instantiating  the  ■  arameters  is  a  constraint 
satisfaction  problem. 

The  second  major  requirement  for  deriving  geomet¬ 
ric  algorithms  is  to  extend  abstract  data  types  to  the 
gewiiTrtrifci&.-mwfi.  Fft-nr  the  viewpoint  d  w-derr,  gw 
ometry,  finding  an  abstract  description  of  a  geometric 
problem  is  equivalent  to  finding  the  group  of  trans¬ 
formations  which  leave  it  invariant.  This  paper  de¬ 
scribes  Invariant  Logic  for  determining  the  invariants 
of  a  problem.  The  invariants  can  be  used  to  reformulate 
a  problem  to  a  known  canonical  problem. 

The  STRATA  automatic  programming  system  uses 
parameterized  theory  instantiation  and  invariant  logic 
to  derive  algorithms  for  formal  geometric  problems. 
These  two  methods  are  illustrated  with  the  derivation 
of  a  variant  of  the  Karmarker  linear  programming  algo¬ 
rithm.  These  methods  are  generalizeable  to  the  deriva¬ 
tion  of  other  algorithms  in  linage  Understanding. 
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Abstract 

Earlier  reports  have  described  the  theory  and  practice 
of  Epipolar-Plane  Image  Analysis.  Our  previous  imple¬ 
mentations  of  this  mapping  technique  demonstrated  the 
feasibility  and  benefits  of  the  approach,  but  were  carried 
out  for  restricted  camera  geometries.  The  question  of  more 
general  geometries  made  utility  for  autonomous  navigation 
uncertain.  Here,  we  discuss  a  generalization  of  the  analy¬ 
sis  that  a)  enables  varying  view  direction  (including  vary¬ 
ing  over  time),  b)  provides  three-dimensional  connectivity 
information  for  building  coherent  spatial  descriptions  of 
observed  objects,  and  c)  raises  the  possibility  of  removing 
the  restriction  of  travel  along  a  linear  trajectory. 


1:  Introduction 

Approaches  to  depth  measurement  through  stereo  analy¬ 
sis  suffer  from  the  dichotomy  of  choosing  between  a  wide  base¬ 
line,  with  high  precision  of  matched  features  but  both  increased 
match  failures  and  increased  difficulties  of  perspective  and  oc¬ 
clusion  effects,  and  a  narrow  baseline,  with  easy  matching  but 
poor  depth  accuracy.  This  is  an  obvious  limitation  confronted 
whenever  depth  measurements  must  be  made  on  the  basis  of  just 
2  views  of  a  scene.  In  this  work  we  take  a  direction  that  gains 
the  advantages  of  both  approaches.  We  process  a  large  num¬ 
ber  of  closely  spaced  images:  the  close  spacing  makes  matching 
easy,  and  the  large  number  of  images  means  a  wider  baseline, 
and  therefore  higher  accuracy.  While  bearing  the  increased  cost 
of  processing  the  large  number  of  images,  and  having  to  know 
precisely  the  position  and  attitude  of  the  camera  at  each  imag¬ 
ing  site,  our  technique  brings  significant  advantages  in  accuracy 
and  reliability  over  existing  depth  measurement  approaches. 

Our  approach  (see  [2]  and  [3]  for  details)  is  to  take  a  se¬ 
quence  of  images  from  positions  that  are  very  close  together  - 
close  enough  that  almost  nothing  changes  from  one  image  to 
the  next.  With  this  capture  spacing,  none  of  the  image  features 
moves  more  than  a  few  pixels.  This  sampling  frequency  guaran¬ 
tees  a  continuity  in  the  temporal  domain  similar  to  the  obvious 
spatial  continuity,  and  lets  us  avoid  the  difficult  correspondence 
problem.  An  edge  of  an  object  in  one  image  appears  temporally 
adjacent  to  (within  a  pixel  or  so  of)  its  occurrence  in  both  the 
preceding  and  following  images.  This  rapid  sampling  makes  it 
possible  to  construct  a  volume  of  data  (spatio-temporal  data)  in 
which  time  is  the  third  dimension  and  continuity  is  maintained 
over  all  three  dimensions  (Figure  1).  In  one  of  the  traditional 
motion-analysis  paradigms  features  are  detected  in  successive 
spatial  images  and  matched  from  one  to  the  next,  with  the  differ¬ 
ence  in  position  used  to  deduce  motion  (see,  for  example  Roach 
( 1 1] ) .  In  another,  differential  techniques  are  used  between  succes¬ 
sive  images  to  measure  the  direction  of  intensity  variation,  and 


thereby  the  direction  of  inferred  motion  (for  example,  Buxton  [6] 
and  Waxman  [12]).  We,  however,  take  an  approach  orthogonal 
to  these  (literally).  We  slice  the  spatio-temporal  data  along  a 
temporal  dimension,  locate  features  in  these  slices,  observe  their 
motion  over  time,  and  use  this  motion  to  determine  the  three- 
dimensional  feature  locations.  This  temporal  slicing,  into  what 
we  call  epipolar-plane  images,  or  EPIs,  can  be  done  whenever  the 
camera  moves  in  a  straight  line  (the  direction  and  complexity  of 
the  slicing  varies  with  the  camera  parameters).  We  discuss  the 
geometrical  considerations  of  this  approach,  point  out  its  major 
strengths  and  weaknesses,  and  present  the  mechanism  for  gener¬ 
alizing  the  analysis  to  an  unrestricted  range  of  camera  viewing 
directions  along  a  linear,  and  possibly  non-linear,  path. 


Fig.  1.  Spatio-temporal  volume  of  data. 


'This  research  was  supported  by  DARPA  Contracts  MDA  903-86-C-0084  and  DACA  76-85-0-0004. 
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2:  Analysis  in  the  Epipolar  Plane 

We  model  the  camera  as  a  pin-hole  with  image  plane  in 
front  of  the  lens  (Figure  2).  For  each  feature  P  in  the  scene  and 
two  viewing  positions  V\  and  Vj,  there  is  an  epipolar  plane,  which 
passes  through  P  and  the  line  joining  the  two  lens  centers.  This 
plane  intersects1  the  two  image  planes  along  corresponding  epipo¬ 
lar  lines.  An  epipole  is  the  intersection  of  an  image  plane  with 
the  line  joining  the  lens  centers.  In  motion  analysis,  an  epipole 
is  often  referred  to  as  the  focus  of  expansion  (FOE)  because  the 
epipolar  hnes  radiate  from  it.  In  our  work,  the  camera  moves 
in  a  straight  line,  and  the  lens  centers  at  the  various  viewing 
positions  lie  along  this  line.  Here,  the  FOE  is  the  camera  path. 
This  structuring  divides  the  scene  into  a  pencil  of  planes  passing 
through  the  camera  path.  We  view  this  as  a  cylindrical  coor¬ 
dinate  system  with  axis  (H)  the  camera  path,  angle  (S)  defined 
by  the  epipolar  plane,  and  radius  (R)  the  distance  of  the  feature 
from  the  axis.  Note  that  a  scene  feature  is  restricted  to  a  single 
epipolar  plane,  and  any  scene  features  at  the  same  angle  (within 
the  discretization)  share  that  epipolar  plane.  This  means  that 
the  analysis  of  a  scene  can  be  partitioned  into  a  set  of  analyses, 
one  for  each  EPI,  and  these  EPIs  can  be  processed  independently 
and  in  parallel. 


Fig.  2.  General  epipolar  configuration. 


Figure  3  shows  a  simple  motion  with  a  camera  moving 
orthogonal  to  its  direction  of  view.  Here,  the  epipolar  lines  for 
a  feature,  such  as  P,  are  horizontal  scanlines,  and  these  occur 
at  the  same  vertical  position  (scanline)  in  all  the  images.  Each 
scanline  is  a  projected1  observation  of  the  features  in  the  epipolar 
plane.  The  projection  of  P  onto  these  epipolar  lines  moves  to  the 
right  as  the  camera  moves  to  the  left.  For  a  constant  camera 
motion,  the  velocity  of  this  movement  along  the  epipolar  line  is 
a  function  of  P’s  distance  from  the  line  joining  the  lens  centers. 
The  closer  the  feature,  the  greater  is  its  motion.  For  this  type  of 
lateral  motion  the  trajectories  are  straight  lines  (see  Adelson  [1], 
Bridwell  [4]  and  Yamamoto  [13]  for  some  simple  observations  on 
this  structuring  that  predate  our  use  of  EPIs).  Figure  4  shows 
a  set  of  epi'  olar  lines  (here,  sranliner)  in!,'  an  im 'VP  (an 

EPI).  Each  horizontal  line  of  the  EPI  is  one  image  scanline.  Time 
progresses  from  bottom  to  top,  and,  as  the  camera  moves  to  the 
ieft,  the  features  move  to  the  right. 


’Here,  intersection  and  projection  are  equivalent. 
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There  are  several  things  to  notice  about  this  image.  First,  !.A 

it  contains  only  linear  structures.  Second,  the  slopes  of  the 
lines  determine  the  distances  to  the  corresponding  features  in 
the  world  -  the  greater  the  slope,  the  farther  the  feature.  Third,  ’[}-( 

occlusion,  which  occurs  when  a  closer  feature  moves  in  front  of  “>"i 

a  more  distant  one,  is  immediately  apparent  in  this  representa- 
tion.  These  suggest  the  approach  we  should  take  in  analyzing  the  I.-' 

data:  find  the  linear  structures  (feature  paths)  in  the  EPIs;  join  'lr\ 

together  paths  that  are  collinear,  although  broken  by  occlusion;  [■A 

use  the  slopes  of  the  linear  paths  to  determine  scene  depth. 


The  EPI  in  Figure  4  was  constructed  from  a  simple  right- 
to-left  motion  with  the  camera  oriented  at  right  angles  to  the 
path.  As  long  as  the  lens  center  of  the  camera  moves  in  a  straight 
line  the  epipolar  planes  remain  fixed  relative  to  the  scene  (as  in 
Figure  2).  The  camera  can  even  change  its  orientation  about 
its  lens  center  as  it  moves  along  the  line  without  affecting  this 
partitioning  of  the  scene.  Orientation  changes  move  the  epipolar 
lines  around  in  the  image  plane,  significantly  complicating2  the 
construction  of  the  EPIs,  but  the  epipolar  planes  remain  fixed. 
Figure  5a  is  an  EPI  formed  from  a  sequence  of  images  taken  by 
a  camera  looking  straight  ahead  as  it  moves  -  notice  that  the 
feature  paths  are  hyperbolic.  Allowing  the  camera  to  change 
orientation  smoothly  as  it  moves  along  gives  rise  to  EPIs  with 
curves  as  those  in  Figure  5b. 

These  non-orthogonal  viewing  directions  would  seem  to 
make  our  tracking  problem  non-linear.  To  maintain  the  linearity 
regardless  of  viewing  direction,  we  chose  a  representation  that 
leads  to  an  approach  different  from  that  outlined  above.  We  do 
not  find  linear  feature  paths  in  the  EPIs;  rather,  we  find  linear 
paths  in  a  dual  space.  Our  insight  here  (see  Marimont  [8]  and  [9]) 
is  that  no  matter  where  a  camera  roams  about  a  scene,  for  any 
particular  feature,  the  lines  of  sight  from  the  camera  principal 
point  through  that  feature  in  space  (determined  by  the  line  from 
the  principal  point  through  the  point  in  the  image  plane  where 
the  projected  feature  is  observed)  all  intersect  at  the  feature  (ig- 
tiMaraMiAnt  ettur).  TLc  iu ale  of  these  Urns  of  sight  Ifc 
along  a  line  whose  dual  is  the  scene  point:  fitting  a  point  to  the 
lines  of  sight  is  a  linear  problem. 
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of  epipolar  planes  with  image  planes  be  parallel  and  feature  paths  be  straight 
lines. 
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3:  Generalization 


Fig.  5b.  EPI  with  varying  view  direction. 


Capitalizing  on  these  observations,  our  analysis  of  feature 
motion  in  the  epipolar  planes  consisted  of  the  following  steps: 

1.  3D  convolution  of  the  spatio-temporal  data 

2.  Slieing  the  convolved  data  into  EPIs 

3.  Detecting  edges  in  the  EPIs  and  converting  them  to  lines 
of  sight 

4.  Breaking  these  lines  of  sight  into  linear  segments  (in  Dual 
space) 

5.  Merging  collinear  segments 

6.  Computing  x-y-z  coordinates 

7.  Building  a  map  of  free  space 

8.  Linking  x-y-z  points  between  EPIs 


Our  first  implementation  was  described  in  Bolles  [2],  and 
the  current  (as  above)  implementation  is  discussed  and  demon¬ 
strated  in  Bolles  [3], 

The  following  should  be  noted  about  this  analysis: 

•  There  are  some  obvious  ways  to  make  it  incremental  in 
time,  and  partitionable  in  V  (epipolar  planes),  for  high 
speed  performance; 

•  Although,  in  principle,  the  camera’s  view  direction  is  unre¬ 
stricted,  its  motion  must  be  in  a  straight  line3; 

•  Frame  rate  must  be  high  enough  to  limit  the  frame-to-frame 
changes  to  a  pixel  or  so  (more  specifically,  such  that  the 
motion  of  a  surface  is  less  than  its  projected  width); 

•  Independently  moving  objects  will  either  not  be  detected, 
or  will  be  detected  inaccurately; 

•  Curved  objects  may  either  be  viewed  as  polygonal  approx¬ 
imations,  or  appear  as  moving  objects  (see  [3]). 


Although  demonstrating  the  feasibility  of  this  novel  ap¬ 
proach  to  depth  analysis,  the  implementation  described  above 
had  several  significant  limitations: 

1.  While  the  theory  placed  no  restriction  on  camera  view  di¬ 
rection,  the  implementation  could  not  handle  any  motions 
other  than  those  along  a  linear  path  where  the  view  direc¬ 
tion  was  filed  and  ysrpctAi talar  to  the  i,.  tio;,.  It  vuuk!  v.ut 
handle  the  obvious  cases  of  view  in  the  direction  of  motion, 
or  view  changing  with  motion. 

2.  Working  with  epipolar  planes  separately,  there  was  no  sat¬ 
isfactory  way  to  combine  results  between  planes,  or,  of 
equal  importance,  to  share  information  between  nearby 
planes  in  producing  the  results.  This  led  to  fragmentation 
of  the  depth  results,  and  a  lacking  in  three-dimensional 

ejttr*  up4  '  Jll  Jprtti  nxiullti  h  Tm-  .gfo.  r 

3.  The  processing  was  structured  to  work  on  an  entire  image 
sequence  at  one  time,  requiring  that  all  images  be  taken 
before  analysis  was  begun. 

4.  There  was  no  way,  within  the  framework  developed,  to  re¬ 
move  the  restriction  to  a  linear  camera  path. 

These  restrictions  put  a  severe  lower  limit  on  the  ability  of 
the  technique  to  show  any  practical  usefulness  for  real  tasks  of 
navigation  or  3-D  sensing.  We  have  been  looking  at  these  limi¬ 
tations,  and  developing  new  techniques  to  remove  them.  In  fact,, 
the  mechanisms  for  their  removal  all  rest  on  a  single  restructuring 
of  the  analysis. 

We  collect  the  data  as  a  sequence  of  images.  As  each  new 
image  is  acquired,  we  construct  its  spatial  and  temporal  edge  con¬ 
tours.  These  contours  are  three-dimensional  zeros  of  the  Lapla- 
cian  of  a  chosen  three-dimensional  Gaussian5  (LoG),  and  the 
construction  produces  a  spatio-temporal  surface  enveloping  the 
positive  (or  negative)  volumes  (in  two-dimensions,  edge  contours 
envelop  positive  or  negative  regions).  The  spatial  connectivity 
in  this  structure  lets  us  explicitly  maintain  object  coherence  be¬ 
tween  features  observed  on  separate  epipolar  planes  (the  second 
limitation  above);  the  temporal  connectivity  gives  us,  as  before, 
the  tracking  of  features  over  time,  and  therefore,  for  known  cam¬ 
era  parameters,  the  positions  of  those  features  in  space.  We 
can  use  the  spatial  connectivity  after  processing,  to  form  con¬ 
nected  feature  descriptions,  and  also  during  the  analysis,  in  giving 
us  greater  support  for  determining  our  estimates  (incorporating 
weighted  observations  from  adjacent  epipolar  planes)  and  letting 
us  associate  features  that  appear  disjoint  in  the  epipolar  plane  in 
which  they  occur,  but  lie  on  a  common  surface  (ie,  occlusion  is 
not  complete  over  all  time  and  space,  and  there  is  some  perspec¬ 
tive  from  which  the  features  are  not  disjoint). 

In  this  spatio-temporal  surface  description,  feature  obser¬ 
vations  bear  ( u,v,t )  coordinates,  and  are  spatio-temporal  voxel 
facets.  Figure  7  shows  a  mesh  description  of  the  facets  for  the 
spatio-temporal  surface  associated  with  the  forward-viewing  se¬ 
quence  whose  first  and  last  images0  arc  depicted  in  Figure  6  - 
surfaces  are  interpolated  frontiers  separating  the  positive  and 
negative  LoG  voxels.  Now,  for  non-orthogonal  camera  viewing  di¬ 
rections,  epipolar  lines  are  not  scanlines  (i.e.  the  epipolar  planes 
are  not  distinguished  by  the  v  coordinate).  To  obtain  this  nec¬ 
essary  structuring,  we  develop  within  this  spatio-temporal  de¬ 
scription  an  embedded  representation  that  makes  the  epipolar 


3If  the  lens  center  does  not  move  in  a  straight  line,  the  epipolar  planes 
passing  through  a  world  point  differ  from  one  camera  position  to  the  next. 
The  points  in  the  scene  are  grouped  one  way  for  the  first  and  second  camera 
positions,  a  different  way  for  the  second  and  third,  and  so  on.  ThU  makes 
it  impossible  to  partition  the  scene  into  a  fixed  set  of  planes,  which  in  turn 
means  that  it  is  not  possible  to  construct  EPIs  for  such  a  motion.  The 
arrangement  of  epipolar  lines  between  images  must  be  transitive  for  EPIs  to 
be  formed. 


4 We  aren’t  alone  in  this  -  no  oilier  depth  sensing  technique  produces  this 

explicit  coherence  either. 

5See  also  Buxton  [5]  and  Ileeger  [7]  for  their  use  of  spatio-temporal  con¬ 
volution  over  an  image  sequence. 

cThe  surface  representations  shown  here  are  based,  for  clarity  and  devel¬ 
opment,  on  a  reduced  version  of  the  imagery  -  one  eighth  the  linear  resolution 

of  the  originals. 
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Fig.  10.  Single  spatio-temporal  surface  from  top  left  of  Figure  7. 


Fig.  11.  Epipolar-plane  representation  for  surface  of  Figure  10. 


organization  explicit.  Over  each  of  the  sequential  images,  we 
transform  the  (u,o,t)  coordinates  of  our  spatio-temporal  zeros 
to  ( r,h,0 )  cylindrical  coordinates  ( 0  indicates  the  epipolar-plane 
angle  (9  e  [0, 2zr]),  the  quantized  resolution  in  0  is  a  supplied  pa¬ 
rameter,  and  the  transform  for  each  image  is  determined  by  the 
particular  camera  parameters).  In  this  new  coordinate  system, 
we  build  a  structure  very  much  like  our  earlier  epipolar-plane 
edge  contours,  but  organized  by  epipolar  plane.  This  is  done  by 
intersecting  the  spatio-temporal  surfaces  with  the  pencil  of  ap¬ 
propriate  epipolar  planes7  (as  Figure  2).  We  weave  the  epipolar 
connectivity  through  the  spatio-temporal  volume,  following  the 
known  camera  viewing  direction  changes.  Figure  8  shows  a  sam¬ 
pling  of  the  spatio-temporal  surfaces  as  they  intersect  the  pencil 
of  epipolar  planes  (every  fifth  plane  is  depicted).  Figure  9  shows 
some  of  these  surface-plane  intersections,  along  with  the  associ¬ 
ated  bounding  planes  (refer  to  Figure  2).  Figure  10  isolates  a 
single  surface  from  the  top  left  of  Figure  7,  and  shows  it’s  spatio- 
temporal  structure.  Figure  11  shows  the  same  surface  structured 
by  its  epipolar-plane  components. 


4:  Assessment 

By  maintaining  the  epipolar  structure  irrespective  of  cam¬ 
era  attitude,  we  have  provided  a  remedy  to  the  first  limitation 
cited  above  (non-orthogonal  and  varying  viewing  directions).  In 
these  planes,  feature  paths  will  be,  in  general,  arbitrary  curves 
in  (u,u,t)  space,  but  lines  in  the  space  of  lines  of  sight. 


7Notice  that,  with  view  direction  varying,  the  underlying  epipolar  plane 
may  be  far  from  planar  in  (u,  v,  t )  space  -  it  may  undulate  in  a  manner  similar 
to  that  in  which  Figure  5b  varies  from  Figure  4,  and  for  similar  reasons. 


The  fact  that  the  analysis  is  performed  as  images  are  ac¬ 
quired  means  that  the  processing  may  be  incremental  in  time, 
and  this  removes  the  requirement  mentioned  in  limitation  3 
where,  earlier,  the  entire  sequence  had  to  be  obtained  before 
processing  could  be  begun.  The  epipolar  re-structuring  is  also 
incremental  in  time.  We  are  still  developing  the  incremental  fea¬ 
ture  estimation. 

A  crucial  constraint  of  the  current  epipolar-plane  image 
analysis  is  that  having  a  camera  moving  along  a  linear  path  en¬ 
ables  us  to  divide  the  analysis  into  planes,  in  fact,  the  pencil  of 
planes  that  passes  through  the  camera  path.  With  this,  we  are 
assured  that  a  feature  will  be  viewed  in  just  a  single  one  of  these 
planes,  and  its  motion  over  time  will  be  confined  to  that  plane. 
Another  crucial  constraint  is  the  one  we  generalized  from  the 
orthogonal  viewing  case  -  we  know  that  the  set  of  line-of-sight 
vectors  from  camera  to  feature  over  time  will  all  intersect  at  that 
feature,  and  determining  that  feature’s  position  is  a  linear  prob¬ 
lem.  This  latter  constraint  does  not  depend  upon  the  former.  In 
fact,  the  problem  would  remain  linear  even  if  the  camera  mean¬ 
dered  all  over  the  scene.  This  knowledge  gives  us  a  possibility 
of  resolving  the  fourth  limitation  above  -  that  the  camera  path 
be  linear.  All  that  the  linear  path  guarantees  is  that  the  prob¬ 
lem  is  divisible  into  epipolar  planes.  If  we  lose  this  constraint, 
then  we  cannot  restrict  our  feature  tracking  to  separate  planes. 
The  features  will,  however,  still  form  linear  paths  in  the  space  of 
line-of-sight  vectors,  and  our  spatio-temporal  surface  description 
is  an  appropriate  representation  for  doing  this  non-planar,  but 
still  linear,  tracking.  The  motion  of  features  will  give  us  ruled 
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surfaces,  with  the  rules  (zeros  of  gaussian  curvature)  revealing 
the  positions  of  the  features  in  space8.  This  generality  suggests 
that  there  is  even  broader  application  for  the  technique  than  we 
had  initially  thought.9 


5:  Conclusions 

We  showed,  in  our  earlier  work,  the  feasibility  of  extracting 
scene  depth  information  through  Epipolar- Plane  Image  Analysis. 
In  this,  our  results  in  determining  scene  depth  are  distinctive  in 
that  they: 

•  bridge  the  dichotomy  between  accuracy  and  ease  of  match¬ 
ing; 

•  through  the  use  of  an  increasing  baseline,  give  highly  accu¬ 
rate  estimates  of  feature  position,  carrying  associated  mea¬ 
sures  of  that  accuracy  for  each  feature  tracked; 

•  both  indicate  occluding  contours,  and  use  them  in  collect¬ 
ing  observations  to  improve  feature  estimates; 

•  provide  not  only  feature  3-D  position  measures,  but  also 
information  about  scene  free  space  -  information  which  is 
traditionally  quite  difficult  to  acquire; 

Our  theory  applies  for  any  motion  where  the  camera  (lens 
center)  moves  in  a  straight  line,  and  the  reported  implementa¬ 
tions  covered  the  case  of  viewing  direction  orthogonal  to  the  cam¬ 
era  path.  The  generalizations  obtained  through  spatio-temporal 
surface  analysis,  demonstrated  here  and  currently  being  refined, 
bring  us  the  advantages  of: 

•  incremental  analysis; 

•  unrestricted  viewing  direction  (including  direction  varying 
along  the  path); 

•  spatial  coherence  in  our  results,  providing  connected  sur¬ 
face  information  for  scene  objects,  rather  than  point  esti¬ 
mates  structured  by  epipolar  plane; 

•  suggesting  it  may  be  possible  to  remove  the  restriction  that 
fixes  us  to  a  linear  path. 


8 Visualize  pick-up-sticks  jammed  in  a  box,  with  the  sticks  being  the  rules. 
“Although  being  computationally  expensive,  it  would  be  possible  here 
to  use  the  pairwise  epipolar  constraints  between  images  to  constrain  rule 
tracking  on  the  spatio-temporal  surface. 
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Detecting  Dotted  Lines  and  Curves  in  Random-Dot  Patterns* 
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Abstract 

Results  are  reported  of  psychophysical  experiments 
that  measured  human  performance  in  detecting  dot¬ 
ted  lines  and  curves  embedded  in  a  random-dot  back¬ 
ground.  As  pattern  density  increases,  more  point  scat¬ 
ter  and  curvature  is  tolerated.  A  statistical  model  for 
the  detection  of  non-accidental  patterns  such  as  Lines 
and  curves  is  presented;  the  model  is  based  on  center- 
surround  operators  that  find  significant  differences  in 
dot  density  in  an  elongated  region  as  compared  to  the 
local  surround.  Performance  predicted  by  the  model 
compares  well  with  experimental  results,  as  do  results 
of  computer  simulations. 

1  Introduction  and  Motivation 

This  paper  examines  one  aspect  of  human  perceptual 
organization  of  images:  the  preattentive  grouping  of 
image  elements  into  lines  and  curves.  I  report  the  re¬ 
sults  of  a  series  of  experiments  in  which  subjects  tried 
to  detect  dotted  line  segments  and  dotted  circular  arcs 
surrounded  by  randomly-placed,  identical  dots.  J  de¬ 
velop  a  theory  of  dotted  line  and  curve  detection,  from 
which  predictions  are  made  and  compared  to  the  exper¬ 
imental  data.  A  computer  simulation,  and  the  char¬ 
acteristics  of  its  performar.ee,  offers  another  perspec¬ 
tive  on  the  mechanism.'  unde-ilyicg  ti  e  perceptual  phe¬ 
nomenon. 

The  motivations  for  performing  these  experiments 
are  twofold.  First,  current  notions  of  edge  detection 
in  computer  vision  systems  involve  detecting  local  dis¬ 
continuities  in  the  image,  followed  by  linking  these 
"edgels”  into  smooth  curves  [1,11].  Zucker  [19,22,23] 
has  studied  the  linking  of  edgels  using  only  the  geomet¬ 
rical  information  in  the  edgel  positions.  This  removes 
information  about  contrast,  orientation,  size  and  other 
factors,  and  simplifies  the  problem;  I  follow  the  same 
approach  here.  One  motivation  for  studying  human 
performance  is  to  discover  new  algorithms  that  can  be 
used  in  computer  vision  systems. 

‘This  is  an  abridged  version  of  a  paper  submitted  to  Journal 
of  the  Optical  Society  of  America,  Series  A. 


Another  motivation  is  to  clarify  the  nature  of  human 
preattentive  processing.  The  grouping  problem  studied 
here  deserves  attention,  since  humans  can  easily  recog¬ 
nize  objects  depicted  in  briefly-presented  line  drawings 
[2].  My  own  informal  demonstrations  show  that  people 
can  recognize  briefly-presented  dotted-line  drawings  of 
objects  as  well,  even  when  those  dotted  lines  are  em¬ 
bedded  in  a  noisy  background.  Since  only  preattentive 
processes  are  at  work  in  these  recognition  tasks,  we 
conclude  that  the  information  obtained  from  them  is 
sufficient  for  recognition,  at  least  for  the  class  of  shapes 
used  in  the  experiments.  This  paper  concentrates  on 
aspects  of  preattentive  line  and  curve  detection.  Oth 
ers,  notably  Julesz  [7]  and  Treisman  [13],  have  studied 
other  aspects  of  preattentive  perception. 

1.1  Definitions 

How  shall  we  define  a  dotted  line?  Restricting  the 
definition  to  straight  lines  of  dots  is  pointless,  since 
a  slightly  jagged  dotted  line  does  not  satisfy  this  def¬ 
inition,  yet  we  still  perceive  it  as  a  line.  Consider  the 
dotted  lines  shown  in  Fig.  1.  We  certainly  consider 
the  structure  at  the  top  to  be  a  line,  and  probably  the 
one  in  the  middle  too.  But  what  about  the  one  at  the 
bottom,  with  its  distantly-spaced  dots?  It  is  not  clear 
whether  we  should  call  this  structure  a  line  or  not;  that 
decision  must  depend  on  the  context  and  on  the  goals 
of  the  vision  system.  If  this  bottom  structure  is  to  be 
considered  a  line,  it  is  not  clear  where  its  endpoints  are, 
nor  which  dots  it  contains. 

Thus,  it  can  be  misleading  to  decide  whether  or  not 
an  image  structure  constitutes  a  line.  Imagine  drawing 
the  dots  in  the  bottommost  structure  in  Fig.  1  closer 
and  closer  together:  the  closer  the  dots,  the  stronger 
the  impression  of  a  line.  There  is  no  definite  point  at 
which  we  call  more  closely-spaced  dots  a  line ,  but  more 
distantly-spaced  dots  not  a  line.  Furthermore,  the  sig¬ 
nificance  of  a  pattern  depends  to  a  great  extent  on  the 
nearby  image.  The  bottom  line  in  Fig.  1  is  unnoticeablc 
when  surrounded  by  other  dots  as  it  is;  if  the  dotted 
surround  were  removed  or  reduced  in  density,  this  line 
would  become  easily  detectable. 


Figure  1.  Dotted  lines  of  different  significance.  The  line 
at  the  top  is  very  significant;  the  one  in  the  middle  is  less 
significant.  At  the  bottom  the  line  is  marginally  significant. 

It  is  more  useful  to  assign  a  significance  level  to  a 
structure.  It  is  possible  to  determine  the  statistical 
significance  of  a  pattern:  how  likely  it  is  to  have  arisen 
at  random,  given  the  nature  of  the  image  nearby.  If  it 
is  necessary  to  decide  whether  a  structure  constitutes 
a  line  or  not,  then  the  significance  level  can  be  used: 
e.g.,  if  there  is  only  a  1%  chance  that  the  structure 
would  arise  by  chance,  given  the  nearby  image,  then  it 
might  be  useful  to  make  that  signal-to-symbol  decision. 
We  should  not  arbitrarily  set  thresholds  for  determin¬ 
ing  what  structures  we  consider  to  be  edges,  lines  and 
curves;  Binford  [4,3]  makes  the  same  argument.  For 
some  purposes  it  may  be  useful  to  ignore  patterns  that 
do  not  exceed  some  level  of  significance.  But  in  general 
it  is  reasonable  to  define  only  a  class  of  patterns  for 
which  to  search  in  the  image,  and  a  function  defined 
on  such  patterns  that  determines  their  significance. 

For  the  purposes  of  this  paper,  it  will  be  sufficient 
to  define  a  line  segment  in  a  (dotted)  image  as  a  nar¬ 
row  rectangular  region  in  which  the  density  of  dots  is 
significantly  higher  than  in  the  local  background.  Note 
that  this  definition  of  line  segment  treats  clusters  of 
dots  the  same  as  collinear  dots.  For  the  purpose  of 
detecting  line  segments,  however,  the  confusion  of  den¬ 
sity  with  collinearity  implied  in  the  current  definition 
should  cause  no  problems  in  any  real  vision  system. 
Furthermore,  the  implications  of  such  a  definition  seem 
to  agree  with  human  psychophysics,  as  wc  shall  see. 

1.2  Preview 

First,  I  discuss  human  perception  of  dotted  lines  and 
dotted  curves  in  images.  I  review  the  results  of  my 
previous  psychophysical  experiments  that  determined 
the  power  and  limitations  of  human  preattentive  vision 
in  this  task,  and  present  some  new  results  that  are  more 
amenable  to  analysis. 

Second,  I  present  a  statistical  model  for  what  infor¬ 
mation  is  being  computed  from  the  image,  make  pre¬ 
dictions  about  the  limits  of  performance  based  on  that 
model,  and  compare  the  predictions  with  the  experi¬ 


mental  data.  I  show  that  curves  can  be  detected  by  line 
detectors,  and  that  the  characteristics  of  a  mechanism 
that  uses  this  approach  are  similar  to  those  observed  in 
humans.  I  discuss  computer  simulations,  in  which  three 
types  of  line-detection  operators  are  applied  to  stimuli 
similar  to  those  used  in  tin  human  experiments;  the 
performance  of  these  operators  in  the  line  detection 
task  is  presented  and  compared  with  human  perfor¬ 
mance.  I  conclude  by  reviewing  related  research  and 
discussing  the  implications  of  the  results  presented  here 
for  human  and  computer  vision. 

2  Experimental  Methods 

This  section  introduces  two  experiments  that  deter¬ 
mined  the  parameters  affecting  the  detectability  of  dot¬ 
ted  lines  and  dotted  curves.  Experiment  I  studied  dot¬ 
ted  straight  lines,  Experiment  II  dotted  curves.  These 
target  patterns  were  displayed  to  subjects  for  a  short 
time  (about  200  msec),  preventing  prolonged  inspec¬ 
tion  of  the  image  and  forcing  subjects  to  use  preatten¬ 
tive  mechanisms. 

Experiment  I  (lines)  determined  how  close  the  dots 
in  the  iine  need  to  be,  compared  to  those  in  the  sur¬ 
round,  in  order  for  the  target  to  be  detected.  We  expect 
that  targets  with  closely-spaced  dots  will  be  easier  to 
detect  than  those  with  dots  placed  farther  apart;  the 
experiments  quantified  this  effect.  Another  parame¬ 
ter  of  interest  is  the  amount  of  transverse  variation,  or 
point  scatter,  in  the  lino.  We  expect  that,  for  fixed  dot 
separation  in  the  target,  as  the  transverse  variation  in¬ 
creases,  the  line  will  be  more  difficult  to  detect;  again, 
the  experiments  quantify  this  effect. 

I  noticed  that  dotted  curves  are  more  difficult  to  de¬ 
tect  than  dotted  lines,  given  equal  dot  separations  in 
the  target.  We  expect  that  as  the  curvature  of  a  dotted 
arc  increases,  the  arc  will  become  more  difficult  to  de¬ 
tect.  Experiment  11  quantified  curvature  detectability 
limits  in  an  arc  as  the  dot  separation  varied. 

The  subject’s  task  was  to  indicate  where  lie  or  she 
thought  the  target  had  appeared,  in  a  four-alternative 
forced-choice  task.  The  target  was  located  in  one  of 
four  locations  in  the  image:  vertical  on  the  left  or  right, 
or  horizontal  on  the  top  or  bottom.  Some  examples  of 
the  kind  of  stimuli  used  appear  in  Fig.  2.  Detectability 
was  measured  by  accuracy  of  location  of  the  target  over 
50  trials. 

2.1  Subjects  and  Apparatus 

Two  graduate  students  served  as  subjects.  A  Symbol¬ 
ics  3600  Lisp  Machine  with  a  black-and-white  monitor 
generated  and  displayed  the  images.  The  distance  from 
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Figure  2.  Examples  of  stimuli  used  in  the  experiments. 
The  actual  experiments  contained  only  c'e  target;  four  are 
shown  here.  Parameters:  d,  =  20,  lengths  L  are  all  200,  and 
vl  =  0.  The  target  at  top  is  emphasized,  and  has  d,  =  18, 
vt  =  0,  H  =  0;  the  one  at  bottom  is  same,  except  H  =  40. 
At  left,  a  line  with  H  =  0,  dt  =  18,  vt  =  0.4;  at  right,  the 
same  except  d ,  =  15.  The  actual  size  of  the  square  image 
was  12.7  cm. 

r  rc-en  to  subject  was  55.9  cm.  The  size  of  the  square 
display  was  460  pixels  (12.7  cm),  subtending  13°  of 
visual  angle.  The  length  ol  the  targets  was  200  pixels 
(11.0  cm),  subtending  5.7°.  Each  dot  was  a  2  x  2  square 
of  pixels,  the  side  subtending  3.4  minutes  of  arc.  The 
distance  from  the  fixation  point  at  the  center  of  the 
display  to  the  line  was  6.0  cm  or  3.1°. 

2.2  Stimuli 

The  target  dots  are  embedded  in  a  surround  of 
randomly-placed  dots  whose  appearance  is  described 
by  one  parameter,  the  average  spacing  between  dots 
ds  (distance  in  surround).  The  mean  number  of  dots 
falling  in  the  image  is  Ap,  where  A  is  the  area  of  the 
image  and  p  -  1  / d2,  is  the  dot  density.  An  approx¬ 
imation  to  a  Poisson  distribution  of  surround  dots  is 
achieved  by  placing  a  number  of  dots  at  random  in  the 
image;  the  number  of  dots  is  normally  distributed  with 
mean  and  variance  Ap,  as  in  a  Poisson  distribution. 

Lines 

The  dotted-line  generating  procedure  uses  the  length  L 
of  the  line  and  the  dot  spacing  dt  (distance  in  target) 
to  produce  a  line  containing  \L/dt~\  dots.  A  longitudi¬ 
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Figure  3.  A  dotted  circular  arc.  Chord  length  is  L  and 
height  is  H. 

nal  variation  Vi  specifies  the  maximum  fractional  vari¬ 
ation  along  the  line.  Dots  are  perturbed  about  their 
nominal  (evenly-spaced)  positions  by  ^XdtVi  in  either 
direction,  where  X  is  a  uniformly-distributed  random 
number  between  —  1  and  1.  Similarly,  transverse  varia¬ 
tion  vt  specifies  the  maximum  variation  in  a  direction 
normal  to  the  line.  Dots  are  perturbed  about  their 
nominal  positions  by  an  amount  ^ XdtVT ;  X  is  again 
a  random  number  between  —1  and  1.  When  vl  —  0, 
the  dots  are  evenly-spaced;  when  vj  =  0,  the  dots  fall 
in  a  straight  line.  The  dots  generated  in  this  manner 
fall  in  a  rectangular  region  of  length  L  and  width  dtVT- 
The  parameters  vt  and  vi  provide  a  scale-independent 
way  of  specifying  the  shape  of  the  line;  magnifying  or 
shrinking  the  pattern  does  not  change  vj  or  vl. 

Curves 

The  shape  of  an  arc  of  evenly-spaced  dots  (see  Fig.  3) 
can  be  specified  by  the  length  L  of  the  chord  joining 
the  ends  of  the  arc,  the  height  H  of  the  arc  above  this 
chord,  and  the  average  spacing  dt  of  dots  in  the  arc. 
In  these  experiments,  the  arcs  had  no  transverse  or 
longitudinal  variation.  When  II  is  zero,  an  arc  specified 
in  this  manner  reduces  to  a  straight  line  as  specified 
above.  The  radius  of  curvature  of  such  an  arc  is  given 

and  the  curvature  k  of  the  arc  is  just  1  / R. 

2.3  Analysis  of  data 

An  experiment  typically  consisted  of  varying  the  value 
of  one  parameter,  say  vt,  while  keeping  all  others 
fixed.  As  the  parameter  varied,  accuracy  of  detec¬ 
tion  changed,  usually  deteriorating  and  approaching 
the  chance  level  of  25%  for  the  4-alternative  task.  A 
psychometric  function  given  by 

F(x)  =  G'  +  (7-f0exp[-(x/a)/J],  (2) 
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where  x  is  the  independent  variable,  was  fit  to  each 
such  set  of  data  points  using  a  method  described  by 
Watson  [16].  G  is  the  expected  fraction  correct  when 
the  subject  guesses,  here,  G  =  0.25. 

We  are  interested  in  the  80%  accuracy  threshold  of 
performance.  From  (2)  we  obtain: 


x  —  a 


7  -G 
T-G 


of  transverse  variation  vT  that  can  be  tolerated  in  a 
straight  line  is  independent  of  scale.  That  is,  maximum 
VT  depends  on  the  relative  separation  of  target  dots 
compared  with  surround  dots,  d,/ds.  Similar  results 
hold  for  curve  detection:  the  amount  of  curvature  that 
can  be  tolerated  is  largely  independent  of  the  absolute 
density  of  the  patterns,  but  depends  mainly  on  dt/d,. 

3.2  Experiment  I 


with  T  =  0.80. 

It  is  difficult  to  obtain  error  estimates  on  this  thresh¬ 
old.  However,  an  approximate  standard  deviation  was 
obtained  by  using  a  “bootstrap”  method,  as  follows. 
The  fitting  procedure  described  by  Watson  [16]  as¬ 
sumes  that  the  data  points  (x,  P(x))  are  Bernoulli  ran¬ 
dom  variables  with  some  underlying  probability  p(x) 
for  the  n  trials.  We  use  this  underlying  distribu¬ 
tion  function  for  each  data  point  to  generate  new  sets 
of  data  points;  each  new  data  point  comes  from  the 
Bernoulli  distribution  corresponding  to  x.  Since  p(x) 
and  n  completely  specify  the  Bernoulli  distribution, 
we  find  the  standard  deviation  of  observed  number 
correct  as  a'(x)  =  sjp{x)[\  -  p{x)]n.  The  standard 
deviation  of  fraction  correct  for  each  point  is  then 
cr(x)  =  a'(x)/n  =  \/p{x)[  1  -  p(x)]/n.  A  threshold 
value  is  computed  for  this  new  data  set.  This  operation 
is  performed  several  times,  and  the  standard  deviation 
of  these  thresholds  is  used  as  the  standard  deviation  of 
the  actual  threshold. 

3  Experimental  Results 

3.1  Previous  results 

A  previous  series  of  experiments,  reported  by  Vistnes 
[15],  used  similar  stimuli  except  that  the  random  sur¬ 
rounds  were  more  uniform  ip  1  ,|  1' 

done  by  randomly  perturbing  the  positions  of  a  regular 
grid  of  dots.  Also,  dots  in  the  surround  that  fell  near 
dots  in  the  target  were  erased.  The  dot  patterns  pro¬ 
duced  in  this  manner  have  no  spurious  clusters  of  dots 
but  sdll  appear  quite  random.  However,  the  proper¬ 
ties  of  such  distributions  are  more  difficult  to  analyze 
than  those  of  a  purely  random  (Poisson)  distribution. 
Hence,  I  repeated  the  experiments  using  a  purely  ran¬ 
dom  background. 

1  f  f  srl’cr  results  =4  that  LnbiluJinal  tarittlmh 
vL  had  a  very  small  effect  on  detectability.  That  is, 
the  dots  in  the  target  did  not  need  to  be  evenly  spaced 
along  the  line.  Target  length  L  was  also  unimportant, 
so  long  as  there  were  at  least  five  or  six  dots  in  the  line; 
adding  dots  to  the  line  by  increasing  its  length  did  not 
increase  its  detectability.  To  a  large  extent  the  amount 


Transverse  variation  vj  was  the  parameter  of  interest 
for  straight  lines.  I  measured  how  much  variation  could 
be  tolerated  for  a  given  dt  and  ds ,  using  a  performance 
standard  of  80%  correct  as  the  criterion  for  detectabil¬ 
ity.  The  results  arc  shown  in  Fig.  4a.  As  expected, 
more  transverse  variation  can  be  tolerated  when  d,/d, 
is  small. 

It  is  important  to  ask  if  these  results  are  indepen¬ 
dent  of  the  size  and  density  of  the  image  i.c.,  if  the 
mechanism  is  scale  invariant.  If  it  were,  then  since  vT 
is  a  scale-independent  measure  of  transverse  variation, 
the  curves  in  Fig  4a  would  coincide  when  plotted  as  a 
function  of  relative  dot  separation  d,/ds,  as  in  Fig.  4b. 
These  curves  have  similar  shape  but  do  not  coincide. 

1  hus,  ootted  lines  in  dense  patterns  are  somewhat  more 
easily  detected  than  in  sparse  patterns,  other  factors 
being  equal.  To  a  large  extent,  however,  the  important 
parameter  for  this  range  of  dot  densities  is  the  relative 
separation  of  target  dots  compared  to  surround  dots. 
Note  that  for  nearly  straight  lines  (vT  as  0)  the  dotted 
line  can  be  detected  essentially  when  the  target  dots 
are  closer  together  than  the  surround  dots.  These  re¬ 
sults  apply  over  a  range  of  a  factor  of  2.2  in  d„  or  a 
factor  of  4.8  in  dot  density. 

3.3  Experiment  II 

for  curved  targets  the  important  pare rnrtf'r  AFr 
height  //,  or  equivalently,  curvature  k.  The  exper¬ 
iments  measured  the  maximum  curvature  that  could 
be  detected  with  a  fixed  dt  and  ds.  The  results  are 
shown  in  Fig.  5a.  The  maximum  detectable  curvature 
increases  as  dt/ds  decreases. 

Again,  we  inquire  if  these  results  are  independent  of 
scale.  Fig.  5b  shows  the  results  as  a  function  of  d,/ds. 
The  curves  have  similar  shape  (this  tint#  ttftftfly  Ut.C&T 
with  similar  slopes),  but  there  is  again  a  tendency  for 
^’fviiMrrr  in  4rt%,  pm&m  u,  Jw!  rrk t*  ewtly 
than  in  sparse  ones. 

4  A  Model  for  Dotted  Line  Detection 

1  now  describe  a  statistical  model  that  accounts  in 
a  qualitative  way  for  these  experimental  data.  The 


model  is  based  on  comparing  the  dot  density  in  a  cen¬ 
tral  target  region  with  that  in  a  .surrounding  region. 
The  model  uses  operators  that  compute  the  probabil¬ 
ity  of  the  number  of  dots  in  the  center  region  based  on 
an  estimate  of  the  density  of  dots  in  the  surrounding 
region.  The  smaller  this  probability,  the  less  likely  that 
event  is  to  have  occurred  at  random  i.e.,  the  more 
likely  it  is  to  be  non-accidental  in  origin. 

The  foundations  of  this  approach  have  been  laid  by 
Lowe  [8,10],  Binford  [3],  and  Witkin  and  Tenenbaum 
[18],  They  claim  that  the  goal  of  perceptual  organi¬ 
zation  is  to  find  non-accidental  structures  in  images. 
Lowe  suggests  that  perceptual  organization  be  viewed 
as  a  process  which  assigns  a  degree  of  significance  to 
various  groupings  of  image  features.  Lowe’s  and  Witkin 
and  Tenenbaum's  notion  of  non-accidentalncss  involves 
estimating  the  prior  probability  of  occurrence  of  a  pat¬ 
tern  in  the  image,  and  measuring  the  accuracy  with 
which  a  relation  (e.g.,  collinearity)  holds.  The  current 
approach  is  similar  in  spirit,  but  makes  no  use  of  prior 
probabilities  as  theirs  does. 

For  the  model  to  have  relevance  to  real  images,  we 
must  make  a  broadly  applicable  assumption  about  the 
distribution  of  dots  in  the  image.  One  general  assump¬ 
tion  is  that  the  dots  are  independently  and  uniformly 
spaced;  this  dot  distribution  is  well  modeled  by  a  Pois¬ 
son  random  distribution. 

In  detail,  consider  a  rectangular  test  region  in  the 
image,  of  length  L  and  width  w,  and  a  surround  re¬ 
gion  surrounding  it.  Suppo  j  there  are  nc  dots  in  the 
central  test  region.  We  form  the  null  hypothesis  7/0: 
the  dots  in  the  center  region  and  in  the  surround  come 
from  the  same  distribution,  and  test  it  against  the  hy¬ 
pothesis  Hi',  the  dots  in  the  center  region  come  from  a 
distribution  with  greater  mean.  From  the  surround  we 
estimate  the  surround  dot  density  p.  We  can  calculate 
the  probability  Prandom(wc)  of  nc  dots  by  the  Poisson 
probability 


^random 


c\p[-pwL)(pwL)n’ 

nc\ 


The  expected  number  of  dots  in  the  region  is  pwL\ 
as  nc  increases  above  this  mean  value,  the  probability 
that  this  event  occurred  at  random  decreases,  and  the 
probability  it  was  non-accidental  increases.  We  can 
plot  the  probability  /Random  (tc)  as  a  function  of  nc,  for 
given  p,  w  and  L.  If  we  keep  L  constant  and  increase 
w,  the  mean  number  of  dots  in  the  region  increases,  as 
does  the  variance  of  the  distribution.  Some  members 
of  this  family  of  curves  are  shown  in  Fig.  6. 

Suppose  we  choose  a  criterion  of  n  (say,  0.001)  for 
statistical  significance.  For  any  width  w,  we  can  find 
an  nw  such  that  when  nc  >  ?i  ,  P,„n^om(nc)  <  o.  As 
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Figure  0.  P,^Aam{nc)  as  a  function  of  nc  for  several  widths 
w.  The  widths  range  from  8  to  20;  as  the  width  increases, 
the  curve  shifts  to  the  right  and  widens.  Other  parameters 
are:  p  =  1/202  =  .0025  (corresponding  to  d,  =  20)  and  L  = 
200.  Note  that  the  required  nw  for  which  Pr*ndom(nuT  <  a 
increases  as  w  increases. 


w  increases,  so  does  the  nw  for  which  statistical  sig¬ 
nificance  is  reached:  that  is,  more  dots  are  required  to 
maintain  the  same  level  of  significance. 


5  Predictions  of  the  Model 

Here  1  show  how  we  can  use  the  model  to  make  predic¬ 
tions  about  line  and  curve  detection. 

5.1  Lines 

Our  goal  is  to  find  how  the  maximum  vp  varies  with 
target  dot  separation  dt.  Suppose  that  some  of  the 
dots  in  the  test  region  were  generated  by  a  process  like 
the  one  used  in  the  expeiiments  described  above:  they 
are  evenly  spaced  in  a  line  of  length  L,  separated  by 
d,  and  have  a  transverse  variation  vp.  The  width  of 
such  a  target  is  d,vp.  and  it  contains  \L/d,]  dots.  In 
order  for  all  the  target  dots  to  fall  in  the  test  region, 
we  require  w  >  dtvp  or  vp  <  w / dt]  this  provides  the 
maximum  up  for  these  conditions. 

Some  dots  from  the  surround  will  fall  in  the  test  re¬ 
gion  as  well;  the  expected  number  of  such  dots  is  pwL. 
If  there  are  nw  dots  in  the  test  region,  then  the  num¬ 
ber  of  dots  from  the  target  is  m  -  nw  -  pwL.  We 
then  calculate  dt  =  Ljm  and  hence  the  maximum  vp 
is  w/dt  =  wm/L.  Thus,  if  we  know  the  number  of  dots 
nw  required  to  fall  in  the  region  for  significance,  we 
can  find  </<  and  the  maximum  vp  for  the  corresponding 
dotted  target  line. 

If  we  consider  a  number  of  widths  w  and  fixed  L, 
for  a  fixed  surround  density  p  =  1  /d],  we  can  find  dt 
and  maximum  vp  for  each  of  these  widths.  Collect¬ 
ing  these  results,  we  obtain  a  curve  of  maximum  ip 


versus  dt  just  as  in  the  human  experiments.  We  can 
compare  these  predictions  with  experimental  results.  I 
plot  maximum  variation  vt  versus  dt  in  Fig.  7a;  the 
several  curves  correspond  to  several  different  surround 
densities.  Fig.  7b  shows  the  same  results  as  a  func¬ 
tion  of  relative  dot  spacing  d,/d,.  When  plotted  in 
this  manner,  the  curves  exhibit  the  same  shape  but  do 
not  coincide.  The  prediction  is  that  lines  in  dense  sur¬ 
rounds  should  be  somewhat  easier  to  detect  than  lines 
in  sparse  backgrounds.  Comparing  Fig.  7  with  Fig.  4, 
we  see  that  this  prediction  matches  experimental  re¬ 
sults,  but  that  this  effect  is  less  pronounced  in  human 
vision. 


5.2  Curves 

First,  note  that  rectangular  test  regions  can  be  used  to 
detect  dotted  curves.  When  the  arc  curvature  is  low,  a 
narrow  region  suffices  to  detect  the  arc;  as  the  curva¬ 
ture  increases,  an  increasingly  wide  region  is  necessary. 
As  the  region  widens,  more  dots  are  required  to  fall  in 
it  in  order  to  maintain  the  same  level  of  significance, 
so  the  dots  in  the  arc  must  be  closer  together.  To  cal¬ 
culate  the  maximum  curvature  for  arcs,  I  use  the  same 
sort  of  analysis  as  applied  above  to  line  detection. 

Consider  a  circular  arc  passing  through  a  region  of 
length  L  and  width  w,  as  depicted  in  Fig.  8.  The 
arc  of  maximum  curvature  is  obtained  when  the  arc 
is  situated  as  shown.  The  radius  of  the  arc  can  be 
computed  by  analogy  to  (1):  R  =  [(L/2)2  +  w2]/2w, 
and  the  curvature  is  k  =  1  / R.  The  angle  0  is  0  = 
Un~l[(L/2)/(R-  w)). 

As  before,  we  determine  the  number  of  dots  nw 
needed  to  fall  in  the  region  in  order  to  ensure  a  sta¬ 
tistical  significance  criterion  of  a.  For  significance  we 
need  m  =  nw  —  pwL  target  dots,  since  an  expected  pwL 
dots  from  the  surround  fall  in  the  region  as  well.  The 
dot  separation  d,  can  then  be  computed  as  dt  ss  2 R6/m 
(assuming  R  >  ). 

Thus,  given  a  test  region  of  size  Lxw  and  a  surround 
density  p  =  1  /d2,  we  can  calculate  the  dot  spacing  dt 
and  maximum  curvature  n.  Varying  w  yields  a  number 
of  predicted  data  points;  the  results  for  several  values 
of  d,  are  shown  in  Fig.  9a.  As  expected,  the  predicted 
maximum  curvature  increases  as  the  dots  in  the  arc  fall 
closer  together.  Fig.  9b  shows  the  predicted  maximum 
curvature  versus  dot  separation  ratio  dt/ds.  Note  that 
the  curves  are  nearly  coincident,  but  again  there  is  a 
tendency  for  targets  in  dense  patterns  to  be  more  easily 
detected  than  in  sparse  backgrounds.  Human  experi¬ 
ments  show  the  same  effect;  compare  Fig.  5. 


Figure  8  A  dotted  circular  arc  passing  through  a  region 
of  length  L  and  width  ui.  The  arc  radius  is  R  and  the  angle 
between  two  dots  in  the  arc  is  <j>. 
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Figure  10.  Geometry  of  an  operator  of  the  type  used  in 
the  simulations. 

6  Computer  Simulations 

To  determine  how  well  operators  such  as  those  pro¬ 
posed  here  would  actually  perform  in  a  line-detection 
task,  1  performed  computer  simulations  in  which  dot¬ 
ted  line  stimuli  similar  to  those  presented  to  human 
subjects  were  presented  to  a  simulation  system.  The 
simulation  system  used  operators  of  various  sizes  to  try 
to  detect  the  target.  This  section  describes  the  simu¬ 
lations  and  their  results.  The  details  of  the  simulation 
setup  appear  in  Appendix  A. 

The  simulations  are  based  on  the  assumption  that 
the  human  visual  system  contains  line-detection  oper¬ 
ators  of  various  lengths  and  widths  at  each  position 
in  the  visual  field.  As  is  commonly  done  in  signal  de¬ 
tection  theory  [6],  I  model  the  forced-choice  detection 
task  as  follows.  The  program  calculates  the  output  of 
each  operator  at  each  position,  and  the  response  of  the 
system  for  one  trial  corresponds  to  the  position  of  that 
operator  with  the  largest  output.  The  program  records 
detection  accuracy;  as  v-f  increases,  performance  dete¬ 
riorates,  as  expected. 

Each  operator  in  the  simulation  (see  Fig.  10)  counts 
the  number  of  dots  in  its  center  region  and  in  its  sur¬ 
round,  nc  and  n,,  and  estimates  the  surround  density 
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Figure  7.  Predicted  maximum  transverse  variation  vt  as  a  function  of  target  dot  separation  d,.  (a)  The  results  for  several 
surround  densities,  from  left  to  right:  d,  —  10,  15,  20,  25;  p  =  1  / d] .  Probability  criterion  was  a  =  0.0001,  L  =  200.  (b)  The 
same  results,  plotted  as  a  function  of  di/d,. 
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Figure  9.  Predicted  maximum  curvature  as  a  function  of  target  dot  separation.  Plotted  curvature  is  1000  times  actual 
curvature,  for  ease  of  reading.  L  =  200,  a  =  0.0001.  (a)  Results  for  several  surround  densities  are  shown.  From  left  to  right, 
d,  =  10,  15,  20,  25.  (b)  The  same  results  are  plotted  as  a  function  of  relative  dot  separation  dJd,. 
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p  =  na/(2wsL).  It  then  calculates  the  probability  of 
those  nc  center  dots,  assuming  a  Poisson  distribution 
for  the  surround,  using 


T randora(7!'Ci  ns)  — 


exp(-2pwcL)(2pwcL)n‘ 


Now 


2  pwcL  =  2 


n, 


uu 

w,' 


so  that 


p  t  /os 

•*l random  (  j  —  • 


with  width  ratio  r  =  wc/wa.  The  operators  in  the  sim¬ 
ulations  compute  the  negative  logarithm  of  (3).  Since 
the  simulations  use  only  the  operator  with  maximum 
response,  and  this  is  a  monotonic  transformation,  it  has 
no  effect  on  the  results. 

I  collected  the  simulation  results  for  several  values 
of  da,  as  in  the  human  experiments,  and  used  the  80% 
threshold  to  find  the  maximum  vj  for  each  value  of  d, 
and  dt.  These  results  are  shown  in  Fig.  11.  Note  that 
the  results  are  not  scale  invariant:  targets  in  dense  dot 
patterns  (e.g.,  da  =  8)  are  more  easily  detected  than 
those  in  sparse  patterns  (e.g.,  d,  =  16).  This  effect 
seems  somewhat  more  pronounced  than  in  the  human 
results,  however;  compare  Fig.  4b. 


6.1  Comparison  with  other  operators 

It  is  of  interest  to  compare  the  results  obtained 
with  these  significance-estimating  operators  with  other 
kinds  of  operators.  Difference-of-Gaussians  (DOG)  op¬ 
erators  are  commonly  used  in  computer  vision  pro¬ 
grams  for  edge  detection,  and  Zucker  [20,22]  has  used 
them  for  orientation  selection.  For  computational  ef¬ 
ficiency,  the  difference-of-Gaussians  is  sometimes  ap¬ 
proximated  by  a  difference-of-boxes  (DOB)  operator 
[3].  The  output  of  these  operators  is  their  convolution 
with  the  image;  they  are  linear  filters  that  compute 
the  difference  of  two  convolutions.  The  output  of  the 
significance  operator  cannot  be  expressed  as  a  convolu¬ 
tion.  The  computational  details  of  the  DOG  and  DOB 
operators  are  relegated  to  Appendix  B. 

I  ran  some  additional  simulations  with  the  difference- 
of-Gaussians  and  difference-of-boxes  operators.  Each  of 
the  three  types  of  operator  was  evaluated  on  the  same 
dot  pattern;  each  operator  type  had  the  same  variety 
of  lengths  and  widths  at  four  positions.  Accuracy  of 
detection  was  recorded  as  before.  Some  typical  results 
are  shown  in  Fig.  12;  these  are  raw  data  showing  accu¬ 
racy  versus  ut.  Results  for  other  stimulus  parameters 
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Figure  12.  Results  of  the  three  kinds  of  operators  on  the 
same  set  of  stimuli.  Parameters  for  the  stimuli  were:  d,  = 
dt  =  12,  L  =  100.  Number  of  trials  for  each  data  point  is 
100.  Curves  for  other  parameter  values  show  similar  trends. 


are  similar.  Results  for  the  three  operators  are  gen¬ 
erally  quite  similar,  but  the  significance  operator  per¬ 
forms  somewhat  better  than  the  two  convolution  op¬ 
erators:  the  former  is  better  able  to  detect  linear  pat¬ 
terns.  Comparisons  of  maximum  vp  thresholds  show 
that  all  operators  have  the  same  qualitative  character¬ 
istics  (see  Fig.  11).  All  the  operators  can  detect  lines  in 
dense  dot  patterns  more  easily  than  in  sparse  patterns. 
The  outputs  of  the  DOG  and  DOB  can  be  viewed  as 
an  approximation,  perhaps,  to  a  calculation  based  on 
the  significance  of  the  target  line. 

7  Discussion 

The  results  presented  here  indicate  that  the  statisti¬ 
cal  model  is  consistent  with  human  performance  on 
the  preattentive  tasks  considered  in  my  experiments. 
That  does  not  imply,  of  course,  that  the  human  visual 
system  uses  this  mechanism,  or  even  if  it  does,  that 
it  uses  no  other  mechanisms.  I  will  be  cautious  and 
merely  suggest  that  in  this  forced-choice  task,  under 
these  impoverished  conditions,  a  computation  like  the 
one  suggested  here  may  be  in  use. 

The  results  also  support  the  hypothesis  that  humans 
use  elongated  operators  to  detect  curves,  at  least  preat- 
tentively.  However,  more  sophisticated  experiments 
than  those  reported  here  would  be  needed  in  order  to 
confirm  or  disprove  that  hypothesis.  Other  research 
[5,12,17]  provides  further  evidence  for  this  hypothesis. 

The  model  presented  here  does  not  explain  why  a 
dotted  line  with  many  dots  is  no  easier  to  detect  than 
one  with  just  five  or  six;  Uttal  [14]  notes  the  same  phe¬ 
nomenon.  The  model  does  explain  why  longitudinal 
variation  vi  has  little  effect  on  detectability. 
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Figure  11  (a)  Simulation  results  for  linear  targets  Curves  correspond  to  constant  values  of  J,  (b)  The  same  results 

plotted  as  a  function  of  dt/d, 


Regardless  of  the  psychological  validity  of  this  model, 
stronger  claims  can  be  made  about  its  relevance  to 
computer  vision.  Computing  the  probability  of  non- 
accidentalness  of  linear  patterns  is  a  powerful  way  of 
detecting  them  in  an  image.  This  method  approaches 
the  problem  of  how  to  determine  when  a  pattern  is  a 
line  and  when  it  is  not:  it  computes  the  statistical  sig¬ 
nificance  of  a  grouping  relative  to  the  local  background. 
For  straight  lines  with  little  noise  in  the  surround,  the 
significance  of  the  grouping  will  be  very  high.  For 
marginal  lines  such  as  the  one  depicted  at  the  bottom  of 
Fig.  1,  the  significance  will  be  much  lower.  Depending 
on  the  goals  of  the  vision  system,  it  may  be  useful  to 
look  only  for  highly  significant  groupings,  or  it  may  be 
necessary  to  look  for  even  marginally  significant  ones. 
The  mechanism  proposed  here  allows  us  to  do  either. 

The  reader  should  note  that  the  simple  predictions 
based  on  this  statistical  model  (e.g.,  Figs.  7  and  9) 
fail  to  consider  a  number  of  factors.  The  predictions 
do  not  consider  the  number  of  alternatives  for  target 
location,  nor  do  they  include  any  notion  of  choosing  be¬ 
tween  alternatives.  A  realistic  system  for  line  detection 
needs  to  measure  the  significance  of  line-like  structures 
at  several  positions  in  the  image,  at  several  lengths  and 
widths,  and  choose  the  position  corresponding  to  the 
‘best’  one  as  its  choice  in  the  forced-choice  experiment. 
The  predictions  of  this  model  indicate  only  the  qualita¬ 
tive  characteristics  of  a  system  using  the  significance¬ 
estimating  approach. 

Although  the  simulations  do  consider  these  factors, 
they  fail  to  consider  other  potentially  important  ones. 
First,  the  human  visual  system  does  not  know  precisely 
the  position  of  the  target  lines.  The  simulations  assume 
that  the  positions  of  the  targets  are  known  with  no  un¬ 
certainty,  and  that  other  operators  that  may  be  nearby 


are  ignored.  Including  the  effects  of  such  nearby  oper¬ 
ators  may  alter  the  results  of  the  simulations.  Second, 
the  simulation  system  includes  no  model  of  how  the 
outputs  of  the  operators  are  used  after  the  initial  de¬ 
tection  stage.  Any  vision  system  that  uses  such  line 
detectors  must  include  some  later  stage  to  further  pro¬ 
cess  their  output.  It  is  possible  that  adding  this  further 
stage  of  processing  will  result  in  a  system  that  behaves 
more  like  the  human  visual  system. 

One  of  the  contributions  of  this  paper  is  to  provide  a 
theoretical  foundation  for  finding  structures  by  measur¬ 
ing  their  significance  with  respect  to  the  surround.  The 
model  involves  no  thresholds,  as  some  other  models  do. 
I  have  argued  that  using  thresholds  in  this  case  is  mis¬ 
leading  and  not  useful;  it  is  more  valuable  to  measure 
the  probability  that  the  structure  arose  by  accident, 
and  reason  further  based  on  that  information.  Similar 
reasoning  can  be  applied  to  detection  of  other  features, 
like  edges;  it  is  the  class  of  pattern  being  detected  and 
the  statistical  significance  of  that  pattern  in  the  image 
that  matters. 

Many  questions  must  be  answered  before  this  model 
can  be  embodied  in  an  algorithm.  It  seems  clear  that 
there  will  be  many  detectors  with  various  sizes,  orien¬ 
tations,  and  widths  operating  at  each  image  position; 
ideally,  they  would  operate  in  parallel  for  speed.  The 
parameters  of  the  detectors  need  to  be  chosen.  Also, 
the  outputs  of  all  the  operators  must  be  combined  in 
some  coherent  fashion.  This  is  simplified  since  we  know 
exactly  what  the  operators  are  computing  from  the  im¬ 
age.  In  contrast,  some  existing  algorithms  take  an  ad 
hoc  approach,  with  arbitrarily  selected  operators  and 
arbitrary  parameters,  and  where  the  output  has  no 
clear  meaning;  these  linking  algorithms  and  the  opera¬ 
tors  they  use  often  have  little  theoretical  justification. 
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The  approach  suggested  here  promises  to  clear  up  some 
of  that  confusion. 

8  Related  Work 

Here  I  briefly  summarize  research  related  to  the  cur¬ 
rent  problem.  This  work  is  motivated  to  a  large  ex¬ 
tent  by  Lowe’s  work  [8,9,10]  on  finding  groupings  in 
images.  His  demonstration  [8]  that  widely-separated 
dots  cannot  easily  be  seen  when  surrounded  by  noise 
dots  provides  a  starting  point  for  the  psychophysical  ex¬ 
periments  reported  here.  Lowe’s  work  [8,9]  on  finding 
curvilinear  structure  in  images  was  designed  primarily 
to  find  structures  in  dots  that  have  already  been  linked 
on  the  basis  of  proximity,  rather  than  on  sparse  dotted 
Lines  surrounded  by  noise. 

Lowe  [9]  claims  that  one  of  the  goals  of  percep¬ 
tual  organization  is  to  statistically  distinguish  be¬ 
tween  accidental  and  non-accidental  instances  of  a  re¬ 
lation.  Witkin  and  Tenenbaum  [18]  claim  that  the  non- 
accidentalness  principle  unifies  several  problems  in  per¬ 
ceptual  organization,  and  is  in  fact  the  general  goal  of 
image  organization.  One  fruitful  assumption  is  that 
the  purpose  of  perceptual  organization  is  to  detect  sta¬ 
ble  image  groupings  that  arise  due  to  structure  of  the 
scene  rather  than  accident.  In  the  context  of  group¬ 
ing  dots  into  lines  and  curves,  discriminating  between 
accident  and  non-accident  means  determining  the  like¬ 
lihood  that  the  structures  arose  due  to  random  place¬ 
ment  of  dots.  Structures  that  are  unlikely  to  be  acci¬ 
dental  have  a  causal  origin,  i.e. ,  they  are  the  projection 
of  a  corresponding  structure  in  the  scene.  Lowe  notes 
that  “perceptual  organization  can  be  viewed  as  a  pro¬ 
cess  which  assigns  a  degree  of  significance  to  each  po¬ 
tential  grjU'pi.Tg  ;f  in  |k]  Tin*  eaggeetfon 

is  taken  rather  literally  in  this  paper,  where  each  opera¬ 
tor  computes  the  statistical  significance  of  the  structure 
within  its  receptive  field.  These  points  are  elaborated 
by  Lowe  [8]  and  Binford  [4,3]. 

Zucker  and  his  colleagues  [19,20,21,221  distinguish 
between  Type  I  and  Type  II  processes  in  dot  group¬ 
ing:  Type  I  processes  infer  ID  contours,  while  Type  II 
r  *kal  wifi  ^Ltfkw  Pfeliki  AIHmygk  tp 

parently  does  not  consider  the  influence  of  background 
noise  on  the  inference  of  Type  I  contours,  the  problem 
considered  in  this  paper  falls  on  the  Type  I  side  of  his 
dichotomy. 

Zucker’s  papers  present  a  model  for  finding  oriented 
entities  corresponding  to  Type  I  or  Type  II  patterns. 
The  model  is  suggested  by  biology:  first,  convolution  of 
the  image  with  orientationally  selective  receptive  fields; 
and  second,  interpretation  of  the  outputs  of  those  op¬ 
erators.  The  operators  in  his  implementation  [22]  com¬ 


pute  the  difference  of  Gaussians;  they  have  several  arbi 
trary  parameters,  and  their  output  lacks  a  clear  seman¬ 
tic  meaning.  In  contrast,  the  output  of  the  operators 
proposed  here  has  a  clear  interpretation.  It  is  difficult 
to  determine  how  Zucker’s  methods  would  perform  on 
the  kinds  of  patterns  considered  here.  Zucker  [20]  pro¬ 
poses  that  a  vector  field  of  orientations  be  found  in 
the  image  by  applying  these  operators  and  interpreting 
their  outputs;  from  this  vector  field,  lie  proposes  that 
Type  1  contours  be  found  by  solving  a  set  of  differen¬ 
tial  equations.  This  procedure  assumes  that  there  is 
only  one  set  of  curves  passing  through  the  image,  that 
there  is  no  ambiguity.  It  is  often  the  case,  however, 
that  there  is  no  perceptually  unambiguous  way  to  link 
a  set  of  dots  (or  edgels);  there  may  be  many  ways  to 
impose  groupings  on  the  input,  (llow  many  ways  are 
there  to  group  the  dots  in  Figs.  1  or  2  into  curves?) 
A  system  that  measures  the  significance  of  different 
groupings  allows  this  flexibility,  while  Zucker’s  method 
does  not  seem  to. 

9  Summary  and  Conclusions 

1  presented  the  resul's  of  psychophysical  experiments 
that  show  the  effect  of  point  scatter  and  curvature  on 
our  ability  to  detect  dotted  lines  and  curves.  The  main 
factor  that  determines  our  ability  to  detect  such  pat¬ 
terns  is  the  relative  separation  of  target  dots  and  sur¬ 
round  dots,  but  there  is  a  significant  effect  of  density: 
we  can  detect  curves  with  more  jaggedness  and  curva¬ 
ture  in  dense  backgrounds  than  in  sparse. 

I  presented  a  statistical  model  for  line  and  curve  de¬ 
tection,  and  used  the  model  to  make  qualitative  pre¬ 
dictions  about  human  performance  in  this  task.  The 
wctM  i*  l»N*ed  jr  wtlmstiTg  -Cmdiy  of  Uctw  s«t 

rounding  an  elongated  center  region,  counting  the  num¬ 
ber  of  dots  in  the  center,  and  calculating  the  probabil¬ 
ity  that  those  dots  fell  in  the  center  region  at  random. 
When  this  probability  is  low,  we  infer  that  the  dots 
in  the  center  region  have  a  non-accidental  origin,  i.e., 
correspond  to  some  structure  in  the  scene.  The  pre¬ 
dictions  based  on  this  model  agree,  within  their  limits, 
will*  t! «  *:«•[. mutt*  Pwdlclf.j-.w  fj»  Sec¬ 
tion,  based  on  detection  of  lines,  agree  with  data  on 
human  curve  detection,  supporting  a  hypothesis  that 
curves  are  detected  by  line  detectors. 

I  discussed  computer  simulations,  in  which  line- 
detection  operators  of  the  type  proposed  here  are  ap¬ 
plied  to  a  forced-choice  line  detection  task.  The  results 
were  discussed  and  compared  to  human  results. 

I  he  model  discussed  here  promises  to  lay  a  theoret¬ 
ical  foundation  for  the  detection  of  lines  and  curves  in 
images.  Tn  a  future  paper,  I  will  discuss  the  imple- 
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mentation  of  an  algorithm  based  on  this  model,  and  its 
application  to  the  task  of  finding  curvilinear  structures 
in  images. 


10  Acknowledgements 


APPENDIX  B.  Construction  of  DOG 
and  DOB  operators 

The  difference-of-Gaussians  operator  convolves  the 
function  G(x )  =  gc{x)  - gs{x)  with  the  dot  image;  each 
dot  has  the  value  1.  The  functions  gt(x)  are  defined  by 

9i( x)  =  i v,  exp (-kfx2) 
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APPENDIX  A.  Details  of  Simulation 
Setup 


The  simulation  setup  consists  of  a  number  of 
differently-shaped  rectangular  operators  at  each  of  four 
positions  and  orientations  corresponding  to  the  possi¬ 
ble  target  positions.  The  scale  of  this  simulation  is  ap¬ 
proximately  half  that  of  the  human  experiments;  the 
image  is  200  pixels  square,  and  the  target  length  L  is 
100.  At  each  position,  the  operators  come  in  a  variety 
of  lengths  and  widths.  There  are  four  operator  lengths, 
ranging  evenly  from  50  to  170.  For  each  length,  there 
are  four  widths  specified  as  a  fraction  of  the  length; 
these  fractions  range  evenly  from  0.01  to  0.08.  Thus 
there  are  16  operators  at  each  position,  64  altogether. 

The  surround  width  of  each  operator  is  fixed  at  three 
times  the  center  width.  This  is  a  compromise  between 
efficiency  and  accuracy;  a  larger  ws  slows  down  the  sim¬ 
ulations.  Also,  a  larger  surround  increases  the  chance 
of  including  some  qualitatively  different  area  of  the 
background.  There  is  a  tradeoff  between  random  er¬ 
ror  due  to  small  sample  size  (small  w,)  and  systematic 
error  due  to  sampling  the  wrong  region  [3].  A  typical 
operator  of  this  sort  appears  in  Fig.  10. 

It  is  possible  that  a  different  coarseness  of  length  and 
width  resolution  in  the  assortment  of  operators  might 
afTect  the  simulation  results.  However,  pilot  experi¬ 
ments  showed  that  four  or  five  different  lengths  and 
widths  are  sufficient  for  full  performance;  using  more 
than  this  does  not  increase  performance  but  merely 
slows  down  the  simulations. 


where 


w,  —  I/x/Tjtct,  and  k j2  =  l/2cf. 


The  diffcrence-of-boxes  operator  computes  the  con¬ 
volution  H(x )  =  hc(x)  —  h,(x),  where  hc(x)  and  h,(x) 
are  defined  by 


f  0,  if  |x|  >  wc 
I  a,  if  |x|  <  wc 

j  0,  if  |x|  >  wc  +  w, 
\  P,  if  |x|  <  wc  +  w, 


For  zero  mean,  we  require  awc  =  P(wc  -f  ws ). 

For  a  reasonable  comparison  of  operator  perfor¬ 
mance,  it  is  necessary  to  match  the  center  and  sur¬ 
round  regions  of  each  operator  as  closely  as  possible. 
For  the  difference-of-boxes  operator  and  the  Poisson 
significance-estimating  operator,  this  is  easy  since  the 
regions  are  strictly  delimited.  For  the  difference-of- 
Gaussians  operator,  however,  the  surround  region  is 
theoretically  the  entire  image;  however,  dots  far  from 
the  center  are  given  very  low  weight  in  calculating  the 
response.  The  DOB  and  DOG  operators  are  differences 
of  weighted  sums  calculated  over  center  and  surround 
convolution  regions.  These  regions  can  be  matched  well 
in  size  by  making  the  standard  deviations  of  their  defin¬ 
ing  functions  equal. 

The  variance  of  a  function  f  (x)  on  an  interval  [a,  4]  is 
defined  as  the  mean  squared  error  (x  —  g.)2,  where  //  is 
the  average  value  of  x  in  [a,  b].  To  find  the  variance  of 
the  function  J(x)  —  n  on  [— w,  iu],  we  note  that  g.  =  0 
since  the  interval  is  centered  on  zero,  so  the  variance  is 
x2.  The  average  value  g(x)  of  a  function  g(x)  on  [a,  6] 
is  defined  as 


so  the  variance  of  /  is 


1 

2  w 


„3  \w 


x'dx  = - 

2  xu  3 


w~ 

T 


and  the  standard  deviation  is  just  w/\J 3.  Thus,  in 
these  comparison  simulations,  ac  for  the  DOG  was  set 
to  vjcj\J 3  and  as  was  set  to  (wc  +  w,  )// 3  =  4 wc  /v/3 
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(since  the  surround  width  was  three  times  the  center 
width  in  the  simulations). 

The  difference-of  boxes  operator  and  the  difference- 
of-Gaussians  operator  perform  similarly  since  they  have 
nearly  the  same  shape.  That  is,  since  they  are  con¬ 
structed  to  have  the  same  mean  and  same  variance 
(second  moment)  and  are  even  functions,  their  first 
and  third  moments  are  zero.  Thus,  the  first  moment  in 
which  they  differ  is  the  low  order  fourth  moment,  and 
they  perform  nearly  equivalently. 
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ABSTRACT 

Descriptions  of  physical  properties  of  surfaces  that 
we  sec,  such  as  their  shape,  distance,  boundaries  and 
discontinuities,  must  be  recovered  from  the  image  data.  A 
large  part  of  research  in  computational  vision  aims  to 
understand  how  such,  descriptions  can  be  obtained  from 
noisy  and  ambiguous  data.  We  view  these  problems  as 
ill-posed  problems  and  we  present  a  unified  theory  for  the 
computation  of  shape  from  several  cues,  such  as  shading, 
texture,  contour  or  motion.  We  study  how  a  conncctionist 
network  (neural  network)  can  learn  all  the  parameters 
that  are  involve.'  in  the  computation  of  shape  from  any 
cue,  and  them  h  »w  it  can,  through  an  iterative  technique 
that  converts  io  a  unique  value,  compute  the  solution  of 
any  “shape  from  X”  problem. 

1.  INTRODUCTION 

One  of  t-ho  main  goals  of  computational  vision  is  to 
develop  ima-yt-  understanding  systems  that  automatically 
construct  scene  descriptions  front  the  image  data  (input). 
Early  vision  consists  of  u  set  of  processes  that  recover 
physical  properties  of  the  visible  three  dimensional  sur¬ 
faces  front  the  two  dimensional  intensity  arrays.  Such 
properties  include  shape,  distance,  reflectance  and  others. 
On  the  other  hand  many  cues  are  available  and  they  are 
used  by  different  modules  in  the  recovery  process.  Sue  . 
cues  are  texture,  contours,  shading,  color)  stereo  and 
motion.  Mueh  current  research,  has  analyzed  processes  ol 
early  Vision,  sUeh  shape  fium  dico  ling  shape  from 

texture  [17,  18,  19],  shape  from  motion  (kinetic  .depth 
rflVrJ.)  [tftjj  mini  ilrii  frrrit  n.nUir  Plrv.r-il  mie- 

eessful  algorithms  have  been  proposed  for  die  above  prob¬ 
lems  that  worked  well  for  the  assumptions  that  i  key  were 
based  on.  In  general,  all  these  different  "‘shape  from  V 
problems  have  been  studied  separately,  and  only  with 
tc  oi.e  of  l Wo  Iwete  -T  a  system,  •*  dtfl.,«d 

by  Marr  [23], 

We  show  here  that  all  the  problems  of  computing 
shape  from  shading,  texture,  contour  and  motion  may  be 
solved  by  the  same  neural  network  that  iterativelj  r  .n- 
verges  to  a  unique  solution.  The  network  solves  the 


different  problems  merely  by  changing  the  weights  in  the 
connections  of  the  different  units.  In  the  eourse  of  our 
analysis  we  regularize  some  ill-posed  problems  that  are 
nonlinear  and  for  whieli  standard  regularization  tech¬ 
niques  [24]  are  not  applicable. 

2.  MOTIVATION 

All  the  problems  of  shape  from  shading,  contour, 
texture  and  motion  have  the  characteristic  that  they  are 
ill-posed  in  the  sense  of  Hadamard.  A  problem  is  well- 
posed  when  its  solution  exists,  it  is  unique  and  depends 
continuously  on  the  initial  data.  Ill-posed  problems  fail  to 
satisfy  one  or  more  of  these  criteria.  The  main  idea  of 
“solving”  ill-posed  problems,  i.e.  to  restore  “well- 
posedness”,  is  to  introduce  suitable  a  priori  knowledge 
that  will  restrict  the  space  of  admissible  solutions.  A 
priori  knowledge  can  be  exploited,  for  example,  under  the 
form  of  constraints  on  the  possible  solutions.  The  regu¬ 
larization  of  the  ill-posed  problem  of  finding,  w  (the 
wirld)  from  lire  data  i  (image)  and  the  eonutvaint 
Am  =  i  when  A  is  not  invertible  (ill-posed  problem), 
amounts  to  choosing  a  norm  ||  ||  and  a  functional  Pw, 
and  then  applying  an  optimization  technique.  For  exam¬ 
ple,  we  can  find  the  w  that  minimizes  the  function 
||A«i  -  i||2  +  X||P«)||2  ,  where  X  is  the  so  called  regulari¬ 
zation  parameter.  This  approach  was  initiated  in  com- 
i/Utff  vrevoi,  by  fY6gi  .  and  his  t  .lfeagner  [Jj^.  A  sb  mid 
be  a  linear  operator,  the  norms  quadratic  and  P  linear. 
When  constraint  is  nonlinear,  a,nd  it  is  nonlinear  most 
of  the  time,  then  finding  a  unique  solution  is  not 
guaranteed  [28].  Finally,  our  learning  scheme  was 
moti  vaNd  Ltv  Euggio  s  vvui  k  ^  o « J ,  wficie  iu  vvaS  OuSOtVbu 

that  regularizing  operators  might  be  learned  without  the 
'vvri  ftm  vamUonal  (omootUmicu)  eoiwliUuic. 

Tiie  organization  of  Die  paper  is  as  follows:  The  next 

jmllmi  tk-  civets  "5rt  al  1  lie  ory  of  alia,;* 

put  ration  from  contour,  texture,  motion  and  shading,  i.e. 
what  are  the  constraints  that  govern  the  particular  prob- 
Em.  '.a  vtonfe  wtt  tkvtdop  ihe  firsl  level  cl  a.  vfewal 
,‘un  t  s  proposed  by  Mart’).  Section  4  develops  an  algo- 
i  ii  lor  shape  computation  and  studies  its  properties, 
t,t\  I  lie  second  level  of  a  visual  system.  Finally,  Section  5 
discusses  implementation  of  shape  computation  algo¬ 
rithms  (the  third  level)  and  develops  a  theory  for  learn- 
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ing  how  to  compute  shape  from  different  kinds  of  cues  in 
a  neural  net. 


3.  COMPUTATIONAL  THEORY  OF  SHAPE 

Here  we  study  the  physical  constraints  that  are 
involved  in  the  commutation  f  op*  r-  ■  .  Jl 
Each  case  is  studied  separately. 


3.1.  Computational  theory  of  shape  from  shad¬ 
ing 

This  theory  has  been  developed  by  Ilorn  and  his  col¬ 
leagues  [16],  The  treatment  is  done  under  orthography 
(actually,  in  the  perspective  case  same  laws  apply,  as 
noted  in  [26]).  According  to  this  theory,  the  intensity  at  a 
point  (x, y)  of  an  image  is  given  by  the  formula 

I(x,y)  =  P~sn 

where  p  is  a  constant  depending  on  the  material  of  the 
surface  in  view,  7  is  the  direction  of  the  point  light 
source  and  It  the  surface  normal  of  the  surface  point 
whose  image  is  the  point  (x,y).  If  we  are  trying  to  com¬ 
pute  shape,  then  we  really  are  after  two  parameters  (p,q) 
at  every  image  point  (x,y),  where  p,q  is  the  gradient  of 
the  surface  normal  vector  at  the  surface  point  whose 
image  is  ( x,y ).  The  above  equation,  when  expressed  in 
terms  of  the  gradient  ( p,q ),  becomes 


P[PPs  +  Q(ls 


f{\  +  p1  +  q'2)  (1  +  ps-  +  qs*) 


where  7  =  (p„,qs,- 1).  It  is  obvious  that  at  every  point  of 
our  image  we  have  two  unknowns  and  only  one  con¬ 
straint. 


3.2.  Computational  Theory  of  Shape  from 
Motion 


Here  we  investigate  the  constraints  imposed  by 
motion.  This  problem  has  been  extensively  studied  in  the 
field  of  structure  from  motion  or  kinetic  depth  effect,  for 
both  orthography  and  perspective  projection  and  for 
discrete  or  continuous  motion.  Here  we  use  orthography 
and  discrete  motion.  Also,  we  consider  the  object  in  view 
as  consisting  of  features,  i.e.  points  of  interest;  so  we 
speak  of  the  object  as  a  cloud  of  points  that  moves. 
Furthermore,  only  rigid  motion  is  considered.  In  the 
pionnering  work  of  Ullman  it  was  proved  that  three 
orthographic  projections  of  four  noncoplanar  points  admit 
one  solution  for  the  structure  and  motion  of  the  points.  It 
was  stated  in  [23]  that  two  orthographic  projections  of 
any  number  of  points  admit  infinitely  many  interpreta¬ 
tions  for  the  structure  of  the  points.  This  was  formally 
proved  in  [27],  correcting  a  previous  result.  Here,  we 
study  the  constraint  between  displacements  of  points  and 
local  shape.  It  turns  out  that  this  constraint  is  of  the 
same  form  as  in  the  shape  from  shading  case,  i.e.  a  conic 
in  the  gradient  (p,q).  For  this  we  need  the  following 
lemma: 


in  a  rigid  configuration,  the  gradient  (p,q)  of  the  plane 
that  the  three  points  define  (with  respect  to  the  coordinate 
system  of  the  first  frame),  ties  on  a  conic  section  in  gra¬ 
dient  spuce.  Flic  coefficients  uj  this  cuntC  section  depend 
entirely  on  the  interframe  displacements  of  the  points. 

Proof: 

Let  the  llllUL  J./WII.1V0  i.<  opiiLt,  !-!•-  in  1/iiUi  i  first 

positions  and  0',A',D'  in  their  second  positions  and 
their  projections  in  the  two  frames  be  O  ,  ,Z?  •  and 
/?._),  respectively.  Let  also  the  gradient  of  the 
plane  OAB  be  C!  =  ( p,q ).  Furthermore,  let 


OjA,  =  a\  =  (j„2/,) 

(1) 

0]t)  i  =  P\  =  (c  „rf ,) 

(2) 

O 2 A  o  =  a,  =  (j.S«62,1/o) 

(3) 

Ooho  —  02  —  ( csub2,(t2 ) 

(■1) 

Considering  the  geometry  of  the  first 
(OAB  to  |/i , ),  we  have 

projection 

07l  =  (xx,y{yG.a\) 

(5) 

oh  =  (Cx,dlyd.p\) 

(6) 

Similarly,  considering  the  second  projection 
0 o.l  j/Tj),  we  get 

(OAB  to 

OrA '  =  (x2,y 2,X) 

(7) 

O7^1  =  (c2,d2,n)  (8) 

where  X  and  p  are  to  be  determined. 


But,  because  of  the  rigid  motion,  the  vectors  OA  and 
O' A  '  have  the  same  length.  The  same  holds  for  the  vec¬ 
tors  oh  anti  From  these  requirements  we  get 


X  =  QlY-a2 


il  —  ±\/ Pf+id  2  0° 

Finally,  again  because  of  the  rigidity,  the  angles  betweei 
the  vectors  OA  ,OfeandO'/f',C>'3'  are  the  same.  Frou 
this,  wc  get: 

OA  Oh  =  O'A'.O'Ti'  (11 

where  .  denotes  the  dot  product  operation. 

Substituting  in  equation  (11)  from  equations  '3).  (lB 
(7),  (8),  (<J),  (10),  we  get 

a\  f)\  +  ( G  a\ )( O.  p\  )  =  a,  <?' \  p 

and  substituting  the  valuer-  f.~  -X  a  id  ft  and  ; 

appropriately,  we  get 

[P\~  K'.a,)2+(«”  o./){0  fi, ‘  0,-«r*.£ii<2.  •>, 

. .  ...  ; ;  (12 

(a,  o'l'tf {.fie  (a  n.p)  0 


Lemma  : 

Gwen  two  distinct  orthographic  projections  of  three  points 


and 


G.$ |  =  pt  ,  + 

the  above  equation  (12)  is.  of  tl  e  form 

Ap2+Bq2+rpq+£>  —  0 

where  the  eoefficients  A,B,T,A  depend  on  the  image 

veetors  a\,  a2  ,  /fj  and  /?2  (q.e.d.). 

We  ean  now  easily  establish  the  relationship  between 
retinal  displacements  and  loeal  shape,  by  applying  the 
previous  lemma  for  the  points  (x,y),  ( x  +  dx,y), 
(x,y  +  dy).  Then,  assuming  that  the  surface  is  loeally 
planar  and  that  the  plane  is  defined  by  the  three  points 
in  the  world  whose  images  are  the  points 
(x,y),(x  +  dx,y),(x,y  +  dy),  we  ean  derive  a  constraint 
between  loeal  shape  and  retinal  motion. 

Consider  a  moving  surfaee  Z  =  Z(x,y )  and  let 
(  Am  (x,y ),  An  (x,y ))  be  the  diserete  displacement  field 
for  two  time  instants  and  t2  with  <  l2,  i.e.  if  an 
image  point  is  at  the  position  (x,y)  at  time  <),  then  at 
time  t2  it  will  be  at  the  position  (x  +  A  u(x,y), 
y  +  Au(:r,t/))  .  Then,  assuming  that  the  surfaee  is 
loeally  (differentially)  planar,  i.e.  the  points  (x,y), 
(2  +  t lx,  y),  (x,y  T  dy)  define  a  plane,  we  can  prove  that 
the  gradient  ( p,q )  at  a  surface  point  whose  projection  on 
the  image  plane  is  the  point  (x,y),  satisfies  the  following 
conic  constraint: 

kxp2  +  k2q2  -  2kz  pq  +  k4  =  0 

with 

fc,  =  (a1!2  -  a*2  )dx2 

k2  =  02-V2W 

k3  =  (a1^!  -  a!202)dx  dy 

k4  =  (S’2  -  3*1  )0i  -  I2)  -  -  Vofi?)2, 

where  =  (0,  dy),  =  {dx,  0) 


then  the  problem  eould  be  approaehed  through  skewed 
symmetry  constraints.  Research  in  [31]  dealt  with  the 
ease  of  planar  surfaces  and  did  not  assume  any  pattern 
symmetry.  Finally,  researeh  in  [35]  attempted  the  solu¬ 
tion  of  this  problem  under  the  assumption  that  all  pat¬ 
terns  should  be  of  the  same  area  (whieh  is  true  when  all 
the  patterns  are  the  same).  Symmetry  was  not  a  require¬ 
ment.  Furthermore,  every  texel  is  assumed  to  lie  on  a 
planar  surfaee,  and  this  means  that  the  size  of  the  texels 
on  the  surfaee  has  to  be  small  compared  w:th  the  ehange 
of  surfaee  orientation.  Also,  in  this  work  the  seene  was 
assumed  to  be  projected  onto  the  retina  under  an  approx¬ 
imation  of  perspective  projection,  ealled  paraperspeetive. 
Paraperspeetive  projection  is  analyzed  in  [27]  and  its 
approximation  error  is  calculated.  For  the  purposes  of 
this  section,  we  will  only  state  the  constraint  relating  the 
area  of  a  world  texel  to  the  area  of  its  image.  Let  5/  be 
the  area  of  a  texel  in  the  image  plane.  Let  5^/  be  the  area 
of  the  texel  on  the  world  surfaee.  Let  p,q  the  gradient  of 
the  plane  on  whieh  the  world  texel  lies,  and  ( A,B )  the 
eenter  of  mass  of  the  image  texel.  Then  the  following 
relation  holds 


P2  Vl  +  p2  +  q2 
S  \y 

The  quantity  — —  is  called  textural  albedo,  and  in  27 

02 

methods  are  presented  for  its  computation.  For  our  pur¬ 
poses  we  will  assume  that  the  textural  albedo  is  known 
and  we  will  symbolize  it  by  X.  So,  in  the  case  of  shape 
from  pattern,  the  constraint  that  governs  the  problem  is 

S  =  X  1  ~  AP  ~  B(l 


'11  ,  2 

1  +  p~  +  q 


It  is  important  to  note  that  the  constraint  in  this  case  is 
again  a  conic  section  in  gradient  space. 


3.4.  Computational  Theory  of  Shape  from  Tex¬ 
ture 


=  ( Au(x,y  +  dy)  -  Av(x,y),  dy  +  Ar(i,y )  +  dy)  -  Ar  (*,»)) 
and  $2  =  (  dx  +  a«(i  4-  dx,  y)  -  Au(x,y),  a«(i  +  dx,  y)  -  Av(i,y)) 

The  proof  of  the  above  equation  is  immediate  from 
the  application  of  the  lemma  to  the  points  (x,y), 
(x  +  dx,  y)  and  (x,y  +  dy).  It  has  to  be  emphasized  that 
the  eoeffieients  kt,  i  —  1,  ...  ,  4  are  not  constant;  they 
are  functions  of  (.r,y)  and  so  we  write  k,(x,y)  instead  of 

3.3.  Computational  Theory  of  Shape  from  Pat¬ 
terns 

Imagine  that  we  are  viewing  a  suifaee  eovered  with 
repeated  elements  (texels  or  patterns).  Then,  the  problem 
of  shape  from  patterns  is  solving  for  the  shape  of  the  sur¬ 
face  in  view  from  the  apparent  distortion  of  the  patterns. 
Several  researehers  have  worked  on  this  problem. 
Researeh  reported  in  [31.  32,  33]  made  the  assumption 
that  the  patterns  were  all  identii  al  and  symmetric,  and 


This  case  is  very  similar  to  the  previous  one.  Here  we 
only  consider  a  dot  texture,  i.e.  we  assume  that  the  sur¬ 
face  in  view  is  covered  by  dots.  Shape  cannot  be 
.tcuvined  in  this  case  l.oiii  a  uiunucuiai  Siatie  view  of  tut 
surfaee,  unless  some  assumptions  about  the  texture  are 
made.  The  assumption  of  uniform  density  (or  slight  varia¬ 
tions  of  it)  has  been  shown  to  be  sueeessful  in  past 
researeh,  for  the  ease  of  planar  surfaees.  Here  we  assume 
a  nonplanar  surfaee,  and  we  make  the  assumption  that  a 
unit  area  on  the  surfaee  in  view  eontains  the  same 
number  of  texels  (points).  In  this  ease,  the  constraint 
relating  local  shape  and  density  of  the  texture  ean  easily 
be  established  and  it  is  of  a  form  similar  to  the  previous 
case,  but  instead  of  areas,  we  have  texture  densities.  We 
won’t  analyze  this  case  in  detail,  sinee  it  follows  easily 
from  the  previous  seetion. 

3.5.  Summary 

Up  to  this  point  we  have  analyzed  the  computational 
theory  behind  the  processes  of  shape  from  shading, 
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motion,  patterns  and  texture.  In  all  cases,  it  was  shown 
that  the  constraint  is  of  the  form 


A(z,y)p'2+  D(z,y)q2  +  C{z.y)pq  +  D{z,y)p  +  E(x,y)q  +  F(x,y )  =  0  ( 1 3) 

where  A,B,C,D,E,F  are  functions  of  the  position  in  the 
image  and  depend  on  the  particular  physical  parameters 
(data).  It  has  to  be  noted  that  the  approximations  made 
(paraperspective  projection,  orthographic  projection)  are 
not  essential  for  our  theory.  If  perspective  projection  were 
used  then  a  more  complicated  constraint  (still  nonlinear 
of  higher  degree)  would  appear.  But  as  will  become  evi¬ 
dent  later,  the  form  of  the  constraint  is  not  very  essen¬ 
tial,  as  long  as  it  satisfies  some  weak  constraint  that  will 
be  described  later. 


3.6.  Shape  Representation:  Stereographic  Projec¬ 
tion 


Surface  orientation  is  quantified  by  the  surface  nor¬ 
mal,  a  unit  vector  in  R3.  Let  (/,m,n)  be  a  vector  denot¬ 
ing  the  direction  of  a  surface  normal.  Then  this  direction 

/  71X 

is  defined  by  (p,q)  = - , - .  This  quantity  is 

n  n 

called  the  gradient  of  the  normal  and  the  space  of  all  the 


possible  gradients  defines  the  so-called  gradient  space. 
Gradient  space  is  unbounded.  But  the  gradient  is  not  the 
only  representation  for  surface  orientation.  Another 
representation  that  results  in  a  bounded  space  is  stereo¬ 
graphic  coordinates.  A  surface  normal  can  be  represented 
by  a  point  on  a  unit  sphere,  called  the  Gaussian  sphere. 
The  part  of  the  surface  facing  us  corresponds  to  one  hem¬ 
isphere,  let  us  define  it  to  be  the  northern  hemisphere, 
while  points  on  the  occluding  boundaries  correspond  to 
the  points  on  the  equator.  A  point  n  on  the  Gaussian 
sphere  corresponds  to  a  unique  gradient  (p,q)  and  vice 
versa.  This  can  be  seen  geometrically  in  the  following 
way.  Consider  the  projection  of  the  Gaussian  sphere  by 
rays  from  its  center  onto  a  plane  tangent  to  the  north 
pole.  This  plane  represents  the  gradient  space  {p,q). 
This  projection  is  called  the  gnomonic  projection  and  it 
has  the  property  that  great  circles  are  mapped  into  lines. 
The  north  pole  is  mapped  onto  the  origin  of  the  gradient 
space,  the  northern  hemisphere  is  mapped  into  the  whole 
p  -  q  plane  and  points  on  the  equator  end  up  at  infinity. 
Point"  on  the  lo-ivpr  tipmU^horp  orp  not  pr  jerlifl  oak: 
the  p  -  q  plane.  With  the  gradient  space  formalism,  the 
equator  maps  into  infinity.  As  a  result,  occluding  boun¬ 
dary  information  cannot  be  expressed  in  gradient  space. 
One  solution  to  this  problem  is  the  use  of  stereographic 
projection.  We  can  think  of  this  projection  in  geometric 
terms  also  as  a  projection  of  the  Gaussian  sphere  onto  a 
plane  tangent  to  the  north  pole.  However,  this  time  the 
center  of  projection  is  the  south  pole,  not  the  center  of 
the  sphere.  We  label  the  axes  of  the  stereographic  plane 
as  },g .  It  can  be  shown  that  the  relation  between  the 
stereographic  space  coordinates  },g  and  the  gradient 
space  coordinates  is  given  by 


/  =  2P 


This  mapping  is  conformal  and  the  whole  northern  hemi¬ 
sphere  is  mapped  onto  a  closed  disc  of  radius  2  on  the 

/  --  g  plane.  The  orientations  of  occluding  boundaries 
correspond  to  points  on  the  circumference  of  that  disc. 
The  advantage  of  the  stereographic  projection  is  that  it 
maps  the  whole  northern  hemisphere  (visible  orientations) 
onto  a  bounded  space,  i.c.  a  disc  of  radius  2  in  the  stereo¬ 
graphic  plan  with  center  at  the  origin  (the  point  where 
the  stereographic  plane  is  tangent  to  the  sphere,  i.c.  the 
north  pole),  and  occluding  boundary  information  can  be 
easily  expressed  (the  points  of  the  circumference  of  the 
disc). 

4.  ALGORITHMIC  THEORY 
OF  SHAPE  COMPUTATION 

It  is  by  now  clear  that  in  all  the  above  cases  (shad¬ 
ing,  texture,  motion  and  pattern)  the  problem  cannot  be 
solved  uniquely,  unless  an  additional  assumption  is 
imposed.  In  this  section  we  show  that  if  we  regularize 
these  problems,  i.e.  if  we  impose  an  additional  constraint 
(which  is  physically  plausible),  then  we  can  uniquely  solve 
these  problems.  If  we  use  the  equations  that  give  the 
stereographic  coordinates  in  terms  of  the  gradient,  we  can 
substitute  p,q  in  terms  of  /  and  g  and  assuming  that  the 
surface  does  not  contain  points  whose  orientation  is  equal 
to  the  orientation  at  the  boundaries,  we  get  a  relation  of 
the  form 

L{f,g,x,y)  =  o  (H) 

with  L  a  polynomial  in  f,g  whose  coefficients  depend  on 
the  image  data.  It  has  to  be  noted  that  in  all  the  prob¬ 
lems  of  shape  from  shading,  texture,  patterns  or  motion, 
the  constraint  will  be  oi  „he  above  form. 

Clearly,  all  the  above-mentioned  problems  of  finding 
structure  f,g  from  equation  (14)  are  ill-posed  problems  in 
the  sense  of  Hadamard  (30],  since  the  solution  is  not 
unique,  to  regularize  the  problem  and  make  it  well- 
posed,  we  should  introduce  some  more  constraints  on  the 
■\  lllinj  Spu  Mb'  ri  MulirUill  but  iililji, ■, '•  I  itt- 

posed  problems  have  been  developed  (10,  24].  Following 
the  paradigm  of  regularization  theory,  we  require  that  the 
surface  in  view  be  smooth  and  wc  wish  to  minimize  the 
quantity  (37] 

*  Jij  {\LY  i/v)2 1  U,f  t  Uf]  4  ml  ?}  J*  h  (Ui) 

where  X  is  a  regularization  constant. 

In  other  words,  to  solve  this  ill-posed  problem  (i.c.  to 
make  it  well-posed),  we  should  restrict  the  class  of  admis¬ 
sible  solutions  by  introducing  suitable  a  priori  knowledge. 
This  a  priori  knowledge  can  be  exploited,  for  example, 


under  the  form  of  variational  principles  that  impose  con- 
nU'tilliU  jIi  L Imj  p'^Mthlfi  splutfc  nh.  tti  choosing  to  minim¬ 
ize  e  in  (15)  wc  wish  to  find  a  solution  that  best  satisfies 
the  constraint  L  =  0  and  that  is  smooth,  where  the  rela¬ 
tive  tft&rfce  of  smoothness  is  measured  by  the  first  term  in 
(15).  But  this  problem,  even  though  it  fits  in  the  regulari¬ 
zation  paradigm,  cannot  be  trivially  solved,  because  of 
the  nonlinearity  involved.  Mere  we  present  an  algorithm 
that  obtains  a  unique  solution. 

We  require  that  the  solution  be  a  surface  that  best 
satisfies  the  motion  constraint  (eq.  14)  and  at  the  same 
pocThE,  J',  b  U  V<i  V  J  i'ivli  0 
functional  [24]  introduced  in  (15).  This  fits  exactly  into 
the  regularization  paradigm  in  vision,  which  originated  in 
[25]  and  has  received  attention  lately. 

'flic  question  that  arises  is  whether  or  not  there 
exists  a  unique  surface  that  minimizes  e,  and  if  so,  to 
give  an  algorithm  that  finds  this  unique  solution.  In  the 
sequel  wc  investigate  this  question.  Our  analysis  is  clone 
for  the  discrete  case,  i.e.  by  taking  into  account  the 
discrete  nature  of  images. 

4.1.  Finding  the  Unique  Solution 

Here  wc  use  help  from  widely  known  techniques  in 
the  area  of  partial  differential  equations,  which  have  been 
applied  to  some  computer  vision  research  [29] .  Consider 
the  constraint  equation  L(f,g,  x,ij)  =  0,  ( x,ij )  €  D ,  where 
D  is  the  unit  square  region  in  the  x  -  y  plane  with  mesh 
size  m ,  and  discretize  e  by  using  difference  operators 
instead  of  differential  operators  and  summations  instead 
of  integrals.  Wc  assume  that  the  boundary  of  the  object 
(image)  is  a  square.  This  is  done  for  simplicity  here  and 
without  loss  of  generality.  Generalization  to  any  kind  of 
boundary  is  possible,  but  tedious  and  will  be  reported 

elsewhere.  Let  n  —  k~,  where  k  +  I  =  — .  The  desired 

m 

Surface  is  the  one  that  minimizes 

e  =  EKi  +  x/u)  (ig) 

i.j 

where 

—  in2  { [/<  +  h:  +  \'i in  /;j]‘  + 

+  -  9i.jf  +  \9ij+ 1  -  g,j ]2J 

r  i2 

l i.j  9 i.j’  h.7  ) 

and  where  /, y ,  <7, y  represent  the  surface  orientation  at  the 
regular  grid  point  This  minimization  is  subject 

to  boundary  conditions,  i.e.  ft  j  and  gtj  are  known  if 
belong  to  the  boundary.  Wc  assume  that  the 
surface  normal  at  a  boundary  point  ( i,j )  is  parallel  to  the 
image  plane  (i.e.  /,•'  +  qq  =  4).  (Occluding  boundary). 

If  perspective  projection  is  used,  then  the  occluding 
boundary  surface  normals  are  not  parallel  to  the  image 
plane,  i.e.  f-  +  0,  but  they  are  computable.  The 

boundary  surface  normals  have  only  to  be  known,  they 
don  f  have  to  have  any  particular  value. 


fl 


Function  e  of  equation  (15)  is  defined  on  a  compact 
K  J  i  2n,  with  u  t  Is2,  a,.d  it  k  cuTithbm-ns  with 
respect  to  fi;  and  g{j.  Therefore,  there  exists  a  solution 
to  the  minimization  problem.  Furthermore,  the  solution 
tlnu  minimizes  e,  is  the  solution  ol  the  system 

de  de 

W, 7  =  ™  a 

Fquations  (17)  become 


f <j  fi.j  /(  Xm’  g{j,  i,j)  — (/,-y ,  gij ,  i,j ) 

.  \  0 
9i.j  =  9ij  -  J^n°-  gtJ,  i,j) J  9,j,  hi) 


where 


fiMj)  = 


{Hi  + 1,;  )  +  fij+dHi, j  +  l)  +  )  +  /i  ;  - 1  ( ?|J-! ) 


Equations  (18)  can  be  written  as 

<!>£  =  -  \mV(()  where 


Z=\f  1,1. 


/ ]<k,  ,  fkk  ,  g  |,1 . gkk  ] 1 


&  I  '  ’  '  i  {^(/ij>  9iji  hi)} 


dl'Uij*  9ij  >  hi) 


■  {M/.j,  9i, ,  hi) } 


3/ 

3 3  if ij ,  j ,  i.j ) 

9g 


where  A  6  R"  x "  and 


B  I 
-I  B  I 


-I  B  I 


1  4  1 


Equation  (19)  is  nothing  but  equations  (18)  written  in  a 
compact  form.  Notice  that  equation  (19)  is  the  necessary 
condition  for  the  solution  that  minimizes  (16).  We  will 
now  prove  that  equation  (19)  has  a  unique  solution.  For 
this  we  will  need  the  fact  that  the  functions 


Kl)  and  \L(f,g,  ij)\£JdMi.h2l  arc 


Lipschitz  with  respect  to  /  and  g. 

Let  £|  and  £2  f'vo  solutions  of  equation  (19),  with 
£i  7^  6_>-  Then 

<K,  =_\m2^1)  (20) 


866 


4>£2  =  -  X?«2<?!>(£2).  (21) 

But  <J>  is  invertible  [29].  So,  (20)  and  (21)  become: 

£,  =  -Xm2< *-'*(£,)  (22) 

£2  =  -  Xm24>' V(£2)-  (23) 

From  (22)  and  (23)  we  get 

£i  -  -  0(^2))  , 

o  ,|€,  e2||2  <  Xm2||<J>-,||2||^1)-^2)||2  (24) 

But  1|1>-‘||5=  Ssm^j  <  2rW’[l-J^i]  (25) 

from  [30]. 


Also,  since  (L(/j,.j))^  and  j  L  (f,g,  i,j)  J 
Lipschi t z  with  respeet  to  /  and  we  have 


are 


L{f,9,  hi) 


dL(I,g,  hi)  _  J  ,  (7.  \  dL(f',g',  i,j) 


df 


{L(/V,  ij) 


df 


(26)' 


<  cu{{f  -ff  +  {g  -  g'fyl2 


\  hi) 
(27) 

<  <,;  {(/  -/T  +  (ff  -?')2}1/2 


and  n  =  max{c,y,  di;  } 

From  (26),  (27),  and  (28)  we  get 

ll*(€,)- flWIb  <  /*ll£i-£2ll2 

Equation  (24)  from  (25)  and  (29)  becomes 


ll£i  -  C2II2  <  Xm 

If  we  choose  X  such  that 


*2m2l8r' 

24  J  * 


muci  -  C2II2 


X  771 J 


J  2/ 1  2 

7T  m  (1  -  7T  771 


■2m2/24)2 


M  <  1, 


(28) 

(29) 

(30) 


then  equation  (30)  leads  to  a  contradiction.  So  £j  =  £2 
and  equation  (19)  has  a  unique  solution.  Furthermore, 
the  sequence  defined  by 

£<a+1)  =  X?/i24>  10(^q>,  a  =  0,  1,  2,  ■  ■  ■ 


converges  to  the  unique  solution  of  equation  (19).  The 
proof  proceeds  as  previously,  by  proving  that  if  £  is  the 
solution,  then  ||^Q+1)  £||2  <  <7||^a)-  £||2  where  g  <  1. 


So,  we  have  proved  the  following  theorem. 

Theorem: 

If  0  <  X  <  27 rp  ][l  7r2m2/24]2,  then  there  exists  a 

unique  surface  minimizing  e  (equation  16),  which  is  also 
the  unique  solution  of  equation  (19)  and  the  above 
described  algorithm  converges  to  that  solution. 


To  complete  the  proof  we  need  to  show  that  (26) 
and  (27)  hold.  Observe  that  L(f,g,t,j)  is  a  polynomial  in 

f,g .  Consequently,  L— —  and  L-—  are  also  polynomials 
df  dg 

for  every  i,j .  So,  we  can  take  the  Lipsehitz  constant  c,7 
for  (26)  to  be  such  that 


(31)  and  (32)  also  mean  that  ci;  and  d,j  exist  and 
are  finite  for  every  i,j .  Finiteness  is  also  clear  since  the 
suprema  are  taken  over  the  disc  of  radius  2  (compact  set) 
and  the  functions  are  polynomials.  In  this  context,  if  we 
replace  c(J  and  d,j  by  their  respective  upper  bounds  of 
(31)  and  (32),  it  is  possible  that  the  resulting  value  of  /;  is 
larger  than  the  actual  one.  However,  this  is  immaterial 
for  the  uniqueness  proof,  since  it  only  results  in  a  smaller 
range  for  X. 


4.2.  Summary 

Up  to  now  we  have  established  the  fact  that  from 
the  knowledge  of  the  surface  normals  at  the  boundaries, 
the  constraint  of  the  particular  problem  and  the  smooth¬ 
ness  condition,  we  can  uniquely  recover  the  surface  in 
view,  and  we  have  given  an  algorithm  for  this.  The  object 
in  view  had  to  have  a  square  boundary  but  a  generaliza¬ 
tion  to  any  kind  of  boundary  is  possible.  It  has  to  be 
noted,  though,  that  there  are  two  important  shortcomings 
ill  our  theory  up  to  now.  The  first  has  to  do  with  the 
choice  of  the  regularization  parameter  X;  X  can  be  chosen 
from  an  interval  of  values,  but  the  solution  we  get  might 
not  be  physically  plausible.  The  second  issue  has  to  do 
with  the  fact  that  we  used  a  specific  smoothness  condi¬ 
tion,  in  particular  we  measured  departure  from  smooth¬ 
ness  with  the  functional 


/ /  (/r 2  +  fy2  +  Ox2  +  9y2}  dxd,J 

The  choice  of  this  functional  is  clearly  ad-hoc.  The  ques¬ 
tion  that  arises  then  is:  can  we  build  our  theory  in  such  a 
way  so  that  we  can  learn  the  parameters  that  are 
involved  in  our  problem  and  at  the  same  time  avoid  any 
explicit  smoothness  constraints? 

If  we  do  not  assume  any  particular  variational  condi¬ 
tion  for  smoothness,  as  long  as  the  condition  is  quadratic 
and  if  in  equation  (19)  we  hide  the  regularization  parame¬ 
ter  X  in  matrix  <t>,  then  from  the  minimization,  we  will 
always  get  an  equation  of  the  form 

4>£  =  *(£) 

where  £  is  the  shape  vector,  he.  the  surface  normals  in 
the  image,  4>  a  matrix  and  <f>  a  function  of  the  shape  that 
depends  on  the  particular  problem  that  we  are  analyzing. 
This  is  a  nonlinear  equation,  for  which  we  have  proved 
that  if  some  weak  conditions  on  <p  are  satisfied  and  if 
matrix  <t>  is  such  that  ||4> ''||2 /;<1,  where  //  the  max- 


r/ 


least  squares  solution  to  AXB  =  C  is  X  — 

A  ¥  C  B  ^  +  M{I  A  +  A  M  B  B+)  where  M  is  an  arbi¬ 
trary  matrix  vf  appropriate  dimensions  [7].  Other  gen¬ 
eralized  inverses  have  been  defined  [12],  but  il 
//+  //  =  /  ,  then  //+  Z  is  the  only  least  squares  solution 
to  HX  =  Z.  II  +  II  =  l  if  and  only  if  zero  is  the  only 
null  veetor  of  H. 

Let  us  apply  this  insight  to  (34).  First  note  that  il 
<t> j ,  represent  the  rows  of  <J>,  (34)  is  really  a  .set  ol 

independent  equations: 

for  all  i  ,  <!>*£,•  =  <M£,  )  (3f)) 

where  <!>*(£,)  is  the  kth  element  of  the  vector  <f >*(£,•)• 
For  convenience,  we  can  write  this  as 

£i  T^k  T  —  ♦*(€.■)• 

This  has  a  unique  least  squares  solution  if  the  rank  of  the 
matrix  of  examples 

(£.  .  .  .  ,  £a)  is  at  least  n.  So  there  should  be  at  least  n 
independant  examples. 

There  are  other  reasons  we  will  need  at  least  n 
examples.  We  want  our  learning  procedure  to  be  robust. 
However,  Aj  ->  A  docs  not  imply  Aj+  ->  A+  unless 
Yun(rankAj)  =  rank(A)  as  j  approaches  infinity.  We  can 
guarantee  this  as  long  as  we  know  we  are  only  dealing 
with  matrices  of  rank  n.  There  are  many  methods  for 
calculating  generalized  inverses.  They  all  implicitly  or 
explicitly  make  a  decision  about  the  rank  of  the  matrix 
being  inverted.  Furthermore,  we  should  remember  we  do 
not  have  an  intrinsic  need  to  know  4>.  We  want  to  be 
able  to  learn  4>  so  that  given  new  image  data,  we  can 
iteratively  solve  the  equation 

£  -  ^  m  (37) 

for  £.  We  learn  <I>  in  order  to  obtain  an  accurate  value  for 
£.  Temporarily  ignore  the  dependence  of  £>(£)  on  £  and 
pretend  the  image  data  (or  a  teacher)  told  us  the  value  of 
<^(£).  We  want  an  estimate  of  £  that  is  linear  in  £>(£).  that 
is  unbiased,  and  that  has  minunum  variance  (a  Best 
Linear  Unbiased  Estimate  or  BLUE).  Whether  (37)  is  a 
BLUE  for  £  depends  on  the  error  covariance  matrix 

£((<*>*  £,  <M£.))  '  (fySy  where  E  stands  for 

expected  value.  However,  if  there  arc  least  n  independent 
examples,  we  know  that  (37)  is  the  statistically  correct 
BLUE  estimate. 

5.2.  Computing  the  Pseudo  Inverse 

Many  techniques  exist  for  computing  pseudo- 
inverses;  not  all  of  them  arc  suited  to  the  ease  where  the 
data  arrive  in  a  stream  (  a  temporal  succession  of  exam¬ 
ples.)  One  method  that  is  suitable  is  Grcvillc’s  (7,  12], 

The  expression  we  want  to  compute  is  of  the  form 

="/+  hUh)  (33) 

where  is  our  guess  of  row  <i>k  after  having  seen  s 

examples.  II,  is  the  matrix  formed  from  the  first  s  exam¬ 
ples  of  shape  vectors  (£,  ,£2 . £,, )  and  <{>k  ( //, )  is  the 

vector 


\<t>k  (£i)  <t>k  (£>)  <t>k  (f5)]r 

Initialize  by  using  the  estimate  4>/t0'r  =  0.  Then  we  can 
use  the  recurrence  equations 

*k{s  +\)T  =  ^ks  T  +  K,  +  l  error  (30) 

where  error  is  the  error 

^  +  1  *ksT-<t>k{ts  +  l)  (10) 

obtained  by  using  the  slh  estimate,  <1 >ks,  on  the  s  +  1  th 
example.  The  new  estimate  is  obtained  by  adding  to  the 
old  estimate  a  term  proportional  to  the  error.  The  gain 
matrix,  l\n  +  ,  is  given  by: 


f ' .s  + 1 


(/  //+//,)£/+ 


£.,  +  >(f  lft+Ht)^+ 1 

if  (/  /////„- Ks  +  ,t^ Oand 


f's  +  1 


////// +£/ii 


1  +  £s  +  1//////  +  £, 


T  +  cT 
!  >6'  +  ! 


otherwise. 

(41)  and  (42)  give  the  correct  least  squares  solution, 
but  depending  on  the  hardware  one  has  available,  com¬ 
puting  these  equations  on  one's  neural  net  may  be  a 
problem  if  one  has  to  store  the  entire  matrix  of  examples, 
II,.  The  shape  vectors  are  each  of  size  n  and  one  may 
have  to  store  s  of  these,  s  might  be  much  larger  than  n. 
and  n  itself  can  be  large  if  one’s  grid  is  very  fine  and  one 
has  to  store  two  parameters,  f  and  g,  for  each  point  on 
the  grid.  There  are  several  ways  to  deal  with  this  prob¬ 
lem.  One  is  to  recursively  compute  2  auxiliary  matrices, 
As  =  /  -  II, +  II,  and  Bs  =  (I1ST  Hs)+.  The  matrix 
I\s  +1  can  be  written  in  terms  of  As  +  j  and  B,  +  (. 
These  matrices  arc  only  of  size  n  by  n  . 

The  recursive  computations  are  [7]: 

M,T+iW,t,T+i)T 

+  l  —  At  “  ——f  (43) 

£s  +  l-'*s  Ss  +  ] 

if  j1  +  |  is  independent  of  the  previous  examples 
£i,  .  .  .  ,  £.,,  and 

=  At 

otherwise.  Similarly,  we  get  equation  (44)  below: 

„  (C.  £.r+i)(d,£,r+i)r  +  (•4,£,T+i)(C(£(7’+i)r 

Hi  i  1  /'i  t 

C  A  C  ‘ 

M  +  b  So  +  I 

l  *  sL.i»,  LT.i  cT  cT  ]T 

(sc^|.'L£A,)- 

if  £s , ,  is  independent  of  the  previous  examples  and 

„  ».e/„  («,«/,.  Y 

■  i  +  e.,n.e. 


— M  cMh  c  7-  XT 

.o  I'  N*  +  1  /V*  **  Si  4  1  / 


/(,„  =  IL 


otherwise. 

Wc  may  still  have  an  implementation  problem 
because  the  two  matrices  As  and  B,  are  of  size  n  by  n 
which  is  fairly  large  and  the  recursive  computations  (13) 
and  (14)  arc  fairly  complex.  When  we  have  available  to 
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us  an  arbitrary  number  of  connections  between  an  arbi¬ 
trary  number  of  nodes,  there  is  no  problem  in  computing 
these  recursions  in  parallel  in  a  small  amount  of  time,  but 
our  resources  may  be  limited.  It  is  true  that  $  is  of  size 
n  by  n  and  we  do  have  to  store  4>.  But  we  usually  have  a 
priori  knowledge  that  4>  is  sparse.  We  can  take  advan¬ 
tage  of  this  fact  to  simplify  our  computation. 

We  may  not  want,  to  do  that.  One  thine  that  does 
help  us  is  that  Ka  does  not  depend  on  the  data  terms 
0(£ ).  So  I\s  does  not  depend  on  which  particular  "shape 
from”  method  we  are  using.  If  we  know  in  advance  what 
the  set  of  example  shape  vectors  (£,  ■  fs)  will  be.  we 

flit*  . . .  ’  te  w»  nsi|lil  I*  jJ-iU'  Let  nJijuw 

our  example  shape  vectors  to  simplify  this  calculation. 
Still,  storing  Ks  might  be  a  problem. 

We  can  also  restrict  the  solution  space  of  possible 
values  of  to  those  satisfying  some  additional  constraint 


Gk*kT  =  Uk 

(45) 

i'ur  all  k. 

Ur  more  generally 

T,Gk<t>kT  =  U 

k 

(46) 

where  Gk ,  Uk,  and  U  depend  on  the  constraint  we  want 
to in  Y--jv  1  miilg  wit  Id1  i  i  tj-icij' 1  aft  ?  { omi- 
ble  solutions  is  a  case  intermediate  between  the  situation 
where  we  arbitrarily  choose  a  particular  smoothness 
measure  in  an  entirely  adhoc  manner  and  the  situation 
where  we  search  the  whole  space  of  possible  4>’s.  We,  for 
simplicity,  will  only  deal  with  the  constraint  (45).  (46) 
can  be  handled  in  a  similar  manner.  Then  our  recursion 
takes  the  form. 

G+U 

(47) 

*£  + 1  =  +  As  +  ,(error) 

(48) 

where 

error  =  + 

i-w) 

where 

0*(£s  +  i)  =  0*(£>  +  i)  -  ii+\Gk+U 

(50) 

and  £,  +  i 

=  e/+i V  -  g+g)t. 

A  'Z.+J 

541  e.+Ae.+i 

(51) 

4k  i  *  linear  i  ivlilnoMjn  f 

ose8+17’ 


',4‘  1  +ts  +  jH*ts  +  lT 

otherwise,  where  vts  —  I  lls  *  1I3 ,  Bs  =  (//,  T IIa  )+  and 

/77  =  //,(/  g+g). 

'J'hc  recursions  for  ,4,  and  Bs  are  the  same  as  those 
for  As  and  Ba  except  that  £3  is  replaced  by  £,. 

The  equations  (17)  (57),  are  the  same  as  those  in  the 
unconstrained  east  except,  rui  the  oafs,  wiiidi  rcoiiict  om 
attention  to  t’  e  subspace  such  that  Gk(A>k)  =  Uk.  If  the 
null  space  of  Gk  has  dimension  D,  then  /  Gk  G  has 


rank  D  and  we  confine  our  attention  to  a  D-dimensional 
subspace.  The  matrices,  As  and  Ba  are  only  of  size  D2. 

Another  approach  is  to  change  our  optimality  cri¬ 
terion  [1].  Instead  of  learning  the  least  squares  solution 
to  the  whole  system,  we  learn  the  4>  that  produces  the 
least  error  on  the  last  r  examples.  Then  we  do  not  need 
to  compute  / /,  1  Bs ,  but  only  the  matrix  llsr+  //, r  where 
fhrI  =  (£>  *  \  -r  *  \y  In  1  Iw*  li>>  (l  as  s 

- > in finity,  r  >  1,  the  solution  using  this  criterion  will 
converge  if  we  assume  stationarity  (the  same  <I>  is  valid 
for  all  times.  Thus,  there  exists  a  <I>  such  that  the  model 
=  0(£)  plus  noise  holds  for  all  examples  where  the 
is  I'nlepHirti1  nr  Ik  i  oMfe 

examples  is  a  set  of  statistically  independent,  identically 
distributed  random  variables.  If  the  model  is  not  station¬ 
ary,  the  correct  4>  changes  in  order  to  adopt  to  change  in 
the  world. 

In  the  case  r  =  1,  we  will  obtain  the  matrix 
4i  (f8  -i  i T  +i)  '•  To  insure  convergence,  we  change 

Uns  to  ■—  --  £,  +  itf,  + 1 7  +  i)"1. 

5.3.  Suboptimal  Gain  Sequences 

The  methods  we  have  discussed  so  far  for  computing 
least,  squares  ooluXioiis  involve  computation  of  complex 
expressions  in  order  to  determine  the  matrices  Ks.  We 
can,  however,  work  with  much  simpler  matrices.  For 
example,  we  can  assume  the  matrix  Ks  is  of  the  form 

HI 

A's  =  (52) 

The  <is  must  satisfy  the  conditions 

<is  >  0  »s  =  00  ZX“  <  00  (53) 

The  condition  )Jos  =  oo  insures  that  the  later  examples 
in  the  sequence  £  have  sufficient  influence  on  the  matrix 
learned.  The  other  condition  causes  convergence. 

In  this  case,  we  have  convergence  with  probability 
one  to  the  correct  least  squares  solution.  The  conver¬ 
gence  rate  is  slower  than  optimal.  This  method  for 
finding  the  solution  to  equations  was  originally  developed 
by  Robbins  and  Monro  (13).  One  can  show  that  if  one 

chooses  n,  —  — .  then  the  convergence  rate  is  asvmptoti- 
s 

call v  O(-)  [1  11. 

s 

I  he  Kobmns-iVlonro  procedure  can  be  shown  to  con¬ 
verge  with  probability  one  to  the  least-squares  solution  to 
=  0(0  under  assumptions  much  weaker  than  the 
miuwvHWUt  that  tint  Im*  Gawjin ah.  For  example 

can  require  only  that  the  errors  have  identical,  indepen¬ 
dent  distributions  and  then  we  can  obtain  a  convergence 
proof.  Or  we  can  allow  the  errors  to  be  dependent  on  the 
state  £  because  we  really  do  not  have  the  equation 
<J>f  =  $(£)  +  error .  Rather  we  have 

“M*  p  (mifj)  —  +■  etwf  J  t  tWiWj  (51) 

where  error,  takes  into  account  the  fact  that  we  can 
never  know  f  with  total  precision.  It  also  allows  for  the 
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fact  that  $£=0(0  is  usually  obtained  by  maximum  likel¬ 
ihood  reasoning.  The  £  we  find  is  the  one  that  beM  tils 
(that  is  most  likely)  given  the  data  but  occasionally 
improbable  events  can  occur.  One  cannot  expect  the 
actual  £  to  be  exactly  equal  to  the  most  probable  £. 
Error o  arises  because  we  do  not  know  the  data  and  hence 
we  do  not  know  0  with  total  precision.  Error. ^  is  due  to 
the  factors  our  model  fails  to  take  into  account.  As  long 
as  we  satisfy  some  simple  conditions,  we  still  get  almost 
sure  convergence  to  the  least-squares  solution.  We  can 
simply  require  that  the  errors  in  the  diflerent  examples  be 
bounded,  almost  surely  have  finite  variance,  be  identically 
distributed  and  independent.  These  conditions  are  still 
somewhat  restrictive.  There  arc  extensions  to  cases  where 
the  errors  arc  a  moving  average  of  exogenous  variables. 
For  more  copmplete  discussions  ol  when  the  Kobhins- 
Monro  procedure  converges,  see  (l,  10,  •'>].  Note  that  the 
important  assumption  of  bounded  errors  is  reasonable  i( 
the  derivatives  of  <p  are  bounded. 

Even  if  we  have  convergence,  we  need  not  have  con¬ 
vergence  to  the  correct  solution  if  our  sample  examples 
are  not  representative  of  the  naturally  oceuring  shapes. 
The  solution  will  instead  converge  to  the  least-squares 
solution  to  the  artificial  problem  presented  by  the  atypi¬ 
cal  examples.  What  we  require  is  that  the  vector  spaces 
of  naturally  oceuring  possible  examples  he  spanned 
infinitely  often.  Thus,  for  every  in,  the  rank  of  the 
matrix  (£,„,£„,  f|,  ■  •■.£,<<  )  tnust  'K'  n-  'vl‘ 

require  that  we  can  choose  a  function  /(/)  such  that  lot- 
all  small  i,  the  shape  vectors  £|(,q . £/i,  .  it  t  sl,:m 

the  vector  space  and  J  “  ^ 

5.4.  Acceleration  of  Convergence 

Even  if  we  use  the  optimal  formula  for  estimation  of 
the  least  squares  solution,  convergence  can  be  quite  slow.. 
The  variance  of  our  estimates  depends  on  the  trace  ol  the 
gain  matrix.  Thus,  our  rate  of  learning  is  inversely  pro¬ 
portional  to  a  large  number  n. 

The  result  of  this  slow  convergence  is  that  our  esti¬ 
mate  $  may  not  be  as  sparse  as  it  should  be.  Another 
possibility  is  that  some  of  the  values  of  <l>  =  <4>,7> 
might  be  misleading.  We  might  have  a  reasonably  accu¬ 
rate  estimate  of  each  4>l;  but  a  bad  estimate  of  the  high 
frequency  components  such  as  4>,;  4 ,  4>(J-.  I  he  estimate 

of  these  components  might  simply  relied  noise.  I  his  may 
mean  that  although  we  ran  compute  shape  accurately,  we 
cannot  accurately  compute  the  dilference  in  orientation  ol 
two  nearby  points. 

In  other  words,  we  still  have  to  deal  with  the  regu¬ 
larization  problem.  We  might  make  the  ad-hoc  assump¬ 
tion  that  (  — )■  +  (-TT-)"  is  small  except  ul  those  i.j 
K  dl  ill 

that  rellcct  the  information  that  data  at  a  gimi  point  /’ 
gives  us  information  about  shape  in  the  immediate  vicii 
ity  of  /'.  So,  regarding  4>  as  a  continuous  him.;  m  o- 
will  have  a  condition  of  the  form 


where  <l>  is  the  value  given  by  the  recursive  least -squares 
estimation  of  'l>.  The  ■•d-horncss  here  is  not  ns  had  ;ts  the 
nd-horness  in  assnmiiu  that  shape  is  smooth.  Here  wo  are 
only  assuming  that  the  function  relating  the  shape  to  the 
data  is  smooth  almost  everywhere  (it  should  be  smooth  in 
the  region  f)  which  excludes  the  values  of  4>i;  correspond¬ 
ing  to  information  that  the  data  at  point  I’  provide 
about  the  shape  at  point  /’).  Furthermore  as  we  learn 
more  and  more  ex-uni  w<  can  let  A  -•().  So.  the 


more  and  more  ex  tiiq  - 
i  11  lllletl re  of  the  adlloe  i 
course,  we  could  have  chi 1 
dilioil.  As  fin  a  i  hi  "I 


nve  a  st ai ■  ine  fa mil\  •  - 


•hhig  condition  lessens.  Of 
me  ot  her  Miioot  liiug  con- 
oiidition  is  quadratic,  we 
ill  4’.  Ill  general  We  will 
moot  liiug  conditions: 


minimize — -^($, 


♦of  +  xj  +  <>•>) 


mil  1  — 4>y  )"  -f  /.,(•  I’.o)  (r>C, ) 

n  - 

where  the  /.  are  bilinear  l'< .nils  and  A,  —I)  (see  Morozov 

[lb]). 

Do  we  want  to  h  a ru  L  That  is  do  we  want  to  learn  I  lie 
linear  condition  (■>!>)  gives  rise  to>  I  lie  set  ot  lineni 
i  rnnsformaiious  fioin  It*'  to  E  has  dimension  if  by  if. 
We  <|o  not  really  want  to  learn  a  if  by  if  matrix,  unless 
we  can  a  priori  -  iis|rain  the  matrix  (the  matrix  in  the 
linear  condition  corresponding  to  (50))  to  a  small  suh- 
spaee.  Tin*  only  reason  we  needed  the  additional  con¬ 
st  mint  (50)  is  that  we  need  a  large  number  of  examples  to 
accurately  learn  the  value  of  $  particularly  il  the  data 
are  noisy,  which  will  be  true  if  the  examples  are  given  by 
nature.  We  have  to  malo  temporary  ad-lioe  assumptions 
somewhere.  It  is  not  clear  where  we  should  make  them. 
One  thing  though,  is  clear.  We  should  not  make  udlioe 
assn  in  pt  ions  of  smoothness  ol  shape.  Me  can  e\ cut  nulls 
learn  the  right  variational  condition.  It  is  sahn-  to  make 
I  lie  assumption  ill  (50)  because  eventually  /.,  -•()  as  we 

accumulate  more  example. 

The  other  way  to  handle  slow  learning  of  <l>  is  to  res¬ 
trict  the  silbspnre  ol  possible  solutions.  Me  catl  still  apply 
the  same  basic  Hohhiiis-Mouro  procedure.  Except  when 
computing  the  error  we  have  to  use  a  lormula  like  (Ifi). 
and  we  project  4>,  ,  |  into  the  rcstricied  snbspace  of  possi- 
i  ■(-  solutions.  Me  can  also  restrict  the  solution  to  a 
,nsed  convex  siiliset  and  impose  ineqird'ty  constraints 
similar  lot  lie  one  that  guarantees  e<  . . .  namely 

||'l>- 1|, ,-//<!  (■">') 

5.5.  Varying  Parameters  to  Ol  tain  l  nique  Con¬ 
vergence 

After  we  have  learned  4’,  our  I  ask  is  not  necessarily 
(|,,nc.  If  ||4>  1 1  .  //  •/  I  (5s).  '•  here  II  is  I  lie  maximum  of  t  lie 
l.ipsehitz  eimsl  ants,  we  have  a  uniipie  fixed  point  to 
c  <|>'o(£,..  which  we  compute  it  i-rai  ivcly .  II 
||<|.  II  >  |  .It  not  clear  how  to  proceed,  because  coil- 
vn,.i  lice  is  1  1  ■  a  ;  -Ulteed.  Of  course,  it  may  he  tin 
ease  til  it  lie  •  a  .  eniipie  lixeil  point.  Mlol  IcT  possd'il- 

I I  \  is  'lie'  <;n  i  '!•  wrong  function  to  use  and  that  : 

II I  a  1 1 1  e  I  u  .  1  lei  ■  1 1  v 1  le  1 1 1  1  oi'l  1 1 1 1  hi  1  io  1 1  will  - ,  1 1 1  -- 1  y  (SI) 


For  example  if  <f(f)  =  we  could  use  instead  the  con¬ 
straint 

t*  +  i)c  -  m  +  ? 

Or  we  may  make  a  nonlinear  transformation,  •■’or 

example,  in  one  dimension  a  constraint  of  the  form 
x4  +  ax3  +  bx ~  +  cx  +  d  =  i  could  he  written  as 

x  =  (ax3  +  bx-  +  cx  +  d  -  z )  '* .  There  is  an  infinite 
dimensional  space  of  possible  ways  of  rewriting  the  con- 
nirwbf  R  fe  rail  ■efeai'  l*.w  ic 

find  a  I'eformulation  for  which  (58)  is  time.  The  problem 
is  that  (58)  must  hold  regardless  of  the  data. 

Une  way  to  get  around  this  problem  is  to  let  4-  he  a 
function  of  the  data.  Letting  4>  be  an  arbitrary  function 
of  the  data  will  not  work.  There  is  an  easy  trivial  solution 
to  <P£  =  vVliat  we  might  do  is  divide  tne  space  ol 

possible  data  into  a  small  number  of  regions  and  then  for 
each  region  learn  the  least-squares  solution  to  the 
linear  equation 

<!>,£  =  m 

when  the  data  is  in  /?, .  The  more  regions  we  have, 
lllo  iungii  it  U1M.0  to  leal  ,i  all  llic  4-,.  So,  v,  o  might  6tO|i 
subdividing  R,  as  soon  as  we  find  that  ||<t>,+  ||2p<  1,  where 
the  Lipschitz  constant  p  is  only  evaluated  for  £ 
corresponding  to  data  in  /ft  .  We  can  as  before  impose  a 
regularization  condition,  requiring  smoothness  accross 
boundaries.  Future  research  is  needed  on  how  to  let  <J> 
vary  with  the  data  (what  regions  to  choose  and  how  to 
find  mathematically  equivalent  formulations  of  (33)). 

6.  CONCLUSIONS 

Many  low-level  vision  problems  have  a  common 
characteristic.  We  are  given  image  data  that  do  not 
uniquely  determine  the  physical  parameters  of  the  object 
in  view  (  as  such  parameters  we  chose  shape  in  this 

ii*  •  I  f  •  U  I  J  J  i  (L* 

paptri  i.  I  liirj  prooieiii  i.7>  usucili^  atiui  eSbfcu  uy  rtuuiii^ 
smoothness  constraints  that  force  the  solution  to  be 
unique.  We  have  shown  how  any  quadratic  smoothness 
constraint  can  be  learned  from  examples  by  using  well 
known  mathematical  techniques  such  as  Greville’s 
method  for  recursive  computation  of  a  least  squares  solu- 
tinu  and  (he  HnlibiiwA'anr  I er Unique  of  M.rhiHie 
approximation.  The  Robbins-Monro  technique  works 
under  a  variety  of  noise  conditions  and  is  easily  imple- 
meiilame  in  massively  paiatlel  networks.  Tins  u-iimique 
provides  a  uniform  theory  for  learning  smoothness  con¬ 
straints  in  low-level  vision.  The  convergence  can  be 
accelerated  by  using  a  priori  knowledge  of  the  relation¬ 
ship  between  image  data  nad  physical  properties  but  the 
ultimate  answer  provided  by  the  system  does  not  depend 
on  these  assumptions.  Once  the  connectionist  network 
has  learned  all  the  parameters  involved  in  the  computa¬ 
tion  of  real  world  properties  from  image  data,  it  can  use  a 
simple  iterative  technique  based  on  the  theory  of  fixed 
points  to  find  a  unique  solution  to  problems  such  as 
•Sfc'ATw  K".  'f'bfc  Rsffl  twktf  mrtliwJ  rtlnrds'  Uw 


usual  linear  regularization  theory  and  shows  how  one  can 
uniquely  solve  a  non-linear  variational  problem  provided 
the  solution  at  the  boundaries  F  known.  We  are  current11, 
experimenting  with  our  theory,  using  synthetic  and  real 
images.  The  details  of  our  connectionist  implementation 
that  is  based  on  ideas  from  [38],  and  our  experimental 
results  will  appear  elsewhere. 
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Researchers  in  eonipnler  graphics  have  used  in¬ 
creasingly  realistic  specular  models.  Several  of  these 
models  will  be  discussed  in  the  next  section.  In  com¬ 
puter  vision,  however,  relatively  lew  attempts  have 
been  made  to  exploit  the  in  form;  I  ion  encoded  ill  spcc- 
idarities.  fkeiiclii  [Hi]  employs  the  photometric  stereo 
method  [21]  and  uses  distributed  light  sources  to  deter¬ 
mine  the  orientation  of  patches  on  a  surface.  Crimson 
'll]  uses  Phong's  specular  model  [18]  to  examine  spcc- 
iilaritics  from  two  views  in  order  to  improve  the  perfor¬ 
mance  of  surface  interpolation.  Coleman  and  .lain  [7] 
use  four-source  photometric  stereo  to  identify  and  cor¬ 
rect  for  specular  relleetion  components.  In  more  recent 
work,  Wake  (2]  assumes  smooth  surfaces  and  single  point 
spceidarifics  to  derive  equations  to  infer  surface  shape 
using  specular  stereo,  lie  shows  I  hat  the  same  equa¬ 
tions  can  be  used  to  predict  I  he  appearance  of  a  spec¬ 
ularity  on  a  smooth  surface  when  using  a  distributed 
light  source.  Takni,  Kimnra,  and  Sal  a  [22]  describe  a 
model  based  vision  system  which  recognizes  objects  by 
predicting  specular  regions.  As  specular  models  and  iii- 
Mg'lils  improve,  we  expert  to  see  more  work  which  makes 
use  of  the  properties  of  specular  relleetion. 

IS.  Specular  Reflectance  Models 

(liven  a  viewer,  a  surface  patch,  and  a  light,  source, 
a  lelleetanee  model  quantifies  the  intensity  the  viewer 
will  perceive.  General  relleetaiiee  models  represent  the 
perceived  intensity  I  as  a  sum  of  two  relleetion  compo¬ 
nents 

I  Id  Vis  (I). 

Jo  represents  the  intensity  of  diffusely  reileetcd  light 
and  [if  represents  the  intensity  of  specularly  rellerled 
light.  In  this  paper  we  restrict  our  attention  to  the  Is 
relleetion  component. 

We  note  that  it  is  typically  easy  to  separate  the  Is 

ivflutnm  (oioponiot  film,  tKl  /  y )  1 1.  ti*  ition  i  mqmucnt 
in  an  image.  There  are  several  distinctive  properties  of 
specular  relleetion.  Over  most  of  a  surface  / *■  is  zero 
hut  m  specular  legions  Is  is  usually  very  large  relative  to 
Ip.  In  regions  where  the  specular  component  is  noii'/.ero, 
chnuges  much  more  rapidly  with  .surface  geometry 

Ilian  Ip.  I  mthcriiiore,  the  color  of  Hie  /s.  relleetion 
component  is  ulmost  always  dill'ceut  from  the  color  of 
I  lie  Ip  relleetion  component. 

before  discussing  Hie  vurious  specular  refleel mice 
models,  we  introduce  the  relleetion  geometry  (figure 
2).  We  consider  a  viewer  looking  at  a  surface  point  I’ 


I  unit  vector  from  I’  in  direction  of  viewer 
N  unit  surface  normal  at  P 

I  unit  vector  from  P  in  direction  of  source 

II  ||!' |  I'||  bneclor  of  l''  and  L) 

n  cos  '(N  •  If)  (the  angle  belwecu  N  and  II) 


—  n  >' 

- \\yS 

— - — - - — 

V 

Figure  2.  The  Helleetion  Geometry 

In  describing  specular  models,  we  consider  illumi¬ 
nation  from  a  single  point  light  source.  In  principle, 
we  lose  no  generality  using  this  approach.  In  situations 
involving  distributed  fight  sources,  we  only  need  to  inte¬ 
grate  the  elfccts  of  an  equivalent  array  of  point  .sources. 
A  discussion  of  the  geometry  of  extended  sources  is  given 
in  [J  l|. 

The  simplest  specular  model  assumes  that  specn- 
I  irities  only  occur  where  the  angle  of  incidence  equals 
(lie  angle  of  relleetion  and  A,  /V,  and  1  all  lie  in  the 
same  plane.  This  corresponds  to  (.lie  situation  tx  0  in 

I'igiire  2.  Unless  (lie  surface  is  locally  flat,  this  model 
predicts  that  spei  ularii.ies  will  only  he  observed  nl  iso¬ 
lated  points  on  a  surface.  A  few  experiments,  however, 
show  that  this  model  is  inadequate  for  most  real  sur¬ 
faces.  Not  only  are  observed  specular  features  usually 
larger  than  single  points,  but  highlights  often  occur  in 
places  which  are  not  predicted  hy  lliis  model, 

An  empirical  model  for  specular  reflection  has  been 
developed  fiy  Pliuug  [18]  for  computer  graphics.  This 
model  represents  the  specular  component  ol  relleetion 
by  powers  of  the  cosine  oT  the  angfi-  between  the  perfect 
spi  l  lltal  -ft-  ft  for  arid  tin  Its ,  I  .  Tbits,  ¥*%li1i|*’)i 
model  iseapible  of  predicting  speeularities  which  extend 
beyond  a  single  point.  While  Phong’s  model  gives  a  rea- 
svnahle  appi  oximal.ion  which  is  us-'fiil  in  some  contexts, 
the  paraimlers  of  this  model  luive  no  physical  mean¬ 
ing.  M  is  possible  to  develop  nmr<’  accurate  models  by 
examining  the  physics  niiderlviiig  specular  relleetion. 

The  t  orranee  . Sparrow  model  [22],  developed  by 
physicists,  is  a  more  refined  model  of  specular  retlee- 
lioii.  I'liis  model  assumes  that  a  surface  is  composed 


Incident 


reflected 


rays 


of  sin, -ill,  randomly  oriented,  mirror-like  facets.  Only 
I  nee  Is  with  a  normal  in  the  direction  of  //  contribute 
.  The  model  also  quantifies  the  shadowing  and 
ng  of  facets  by  adjacent  facets  using  a  geometrical 
<  1  d.ion  factor.  The  resulting  specular  model  is 

Is  I'l)  A  (2) 

where 

I1'  Fresnel  coefficient 

D  facet  orientation  distribution  function 

A  adjusted  geometrical  attenuation  factor 

YVc  will  analyze  the  effects  of  each  factor  in  the  model 
in  the  nexi.  lew  paragraphs.  The  results  we  present  in 
this  paper  an  b  rived  from  equation  (2). 

The  Fresnel  coefficient  F  models  the  amount  of  light 
which  is  reflected  from  individual  facets.  In  general,  F 
depends  on  the  incidence  angle  and  the  complex  index 
of  retraction  of  I  he  relied, ing  material.  Cook  and  Tor¬ 
rance  |3]  have  shown  that  to  synthesize  realistic  images, 

I1'  must  characterize  the  color  of  the  specularity.  The 
Fresnel  equations  predict  that  V  is  a  nearly  constant 
Inaction  of  incidence  angle  for  the  class  of  materials  with 
a  large  extinction  coefficient  [21].  This  class  of  materi¬ 
als  includes  all  metals  and  many  other  matciials  with  a 
significant  specular  rellectiou  component. 

The  distribution  function  D  describes  the  orienta¬ 
tion  of  the  micro  facets  relative  to  the  average  surface 
normal  /V.  Bliiiu  [3]  and  Cook  and  Torrance  [8]  discuss 
various  distribution  functions.  All  of  these  functions  arc 
very  similar  in  shape,  in  agreement  with  Torrance  and 
opniTovv  we  use  the  Canssiau  distribution  function  given 
by 


D  Ke  ('■/»•  )3  (3) 

where  K  is  a  normalization  conslanl.  Thus,  for  a  given 
ii,  I)  is  proportional  to  the  fraction  of  facets  oriented 
in  llic  direction  //.  The  constant  m  indicates  surface 
roughness  and  is  proportional  to  the  standard  deviation 
ol  the  Canssiau.  Small  values  of  in  describe  smooth 
surfaces  for  which  most  of  the  specular  rellectiou  is  con¬ 
cent  rated  in  a  single  direction,  barge  values  of  at  arc 
used  to  describe  rougher  surfaces  with  larger  dilfcreiiccs 
in  oriental  ion  between  nearby  facets.  These  rough  snr- 
laccs  produce  spmdnrilics  which  appear  spread  out  on 
I  lie  rellocting  surface.  Figure  3  shows  the  ellecl.  of  dif¬ 
ferent  values  of  m. 
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figure  3a.  Specular  Distribution  for  Small  in 
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Figure  3b.  Specular  Distribution  for  Largo  m 


1  he  factor  A  quantifies  the  clIVcls  of  a  geometri¬ 
cal  attenuation  lactor  G  corrected  for  foreshortening  by 
dividing  by  (/V  •  V). 


A  = 


G 

N  ■  V 


('0 


C  is  derived  by  Torrance  and  Sparrow  in  [23],  They 
ssmnc  that  each  specular  facet  makes  up  one  side  of  a 
symmetric  v-groove  cavity.  From  this  assumption,  they 
examine  I  he  various  possible  facet  configurations  wliicli 
correspond  to  shadowing  or  masking.  The  expression  is 


(!  nriii 


2(  N [■  U)(N  ■  V )  2(  N  ji )( N  ■  1)  1 

(V;  •//)  (v  •  fi)  I 


We  will  show  that  in  applications  it  is  often  possible  to 
use  a  simpler  expression  for  G. 

Let  ji  be  the  angle  between  N  and  V .  As  fi  increases 
from  I)  to  * ,  I  lie  viewer  gradually  sees  a  larger  par'  of 
the  rcllecl.ing  surface  in  a  unit  area  in  the  view  plane. 

I  hri e fin e,  as  //.  gels  larger,  there  arc  correspondingly 
more  surface  facets  which  contribute  to  the  intensity 
perceived  by  the  viewer.  YVc  lake  this  phenomenon  into 
account  in  (  I)  by  dividing  by  N  ■  V. 


A 


and  since  V)  is  a  liuil.  vector  we  liavc 


A  I  »?  -I  z\  I  (13). 

The  lions  (II),  (12),  (13)  mnv  he  solved  uniquely 
for  xi,i/|,2|  in  l.lie  half  space  x  >  0.  Uriel!}',  l.lie  solution 
is 
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IC|  --  C\  -  (752!  ( 15) 


_  I'M  1  g| 

/v2  /V, 


(10) 


Figure  5.  The  Projection  Geometry 


where 


sense  from  y  -■  0  and  in  the  half  space  x  >  0.  Denote 
I  he  normal  to  the  surface  at  P  by  .V  ~  ( TVj ,  /V2)  /V3). 

The  l.angenl.  space  to  the  surface  at  P  is  given  by 


/?,  ---  C\C>1  -I  C>  CaC0  (17a) 
lh  -  2G,C,G5  |  (7;1C,  (176) 


/V,.X  |  AG?/  -f  /V3z  -  0  (8) 

Along  y-  I),  llie  unit  vector  V’u  in  the  tangent  space  is 


/?3  --  G,  <7,?  -  I  (17c) 


^  (  /----.-AO,  ,-lXl  .)  (9) 

\/Ar|  t  w;2  y  aa)2  i  /v;2 


do  simplify  the  notation  let 


c. 


N't 

/v'l 


C8«) 


C2 


l  h 


/v| 

ti'i 


(186) 
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_  - _ 

\Av32  i  /v;J 


be t  0  he  the  angle  of  interest  in  the  tangent  space, 
d  he  goal  is  to  find  a  unit  vector  I  j  (•':' i ,  f/j  ,  -) )  which 

lies  in  the  tangent  space  and  makes  an  angle  0  with 
Idle  angle  /?  provides  Idle  constraint 


C, 


2N[  /V3 
/V| 


(18c) 


G„  - 


cost) 

A'> 


(18c/) 


Gr. 


/V'2 

A’ i 


(18.) 


•e  i  A  i  |  2i /v'2  cos//  ( l  L ) , 


A  special  case  occurs  when  N2  0.  l-’«n  this  case  we  use 
(II)  -  ( 1.3)  to  arrive  at 


Kroni  (8)  we  innst  require 


x\N \  i  j/i /V2  I  z , Af 3  -  ()  (12), 


N  I  cos/? 

2,  .  -  ;  -- 

I\  I  A'j  -  /\'2  A/., 


(19) 


'1.2.  Sprriiil  Cnscs 


ro.iO  z  |  /\  2 


V\  =  \/(  I  -  =f  -  '"h  (-1) 

We  use  (I  I)  -  (21)  .n  compute  1 1st-  ci  >|  I  ■  |  >i  >11  <- 1)  I  s  of  V  | . 

\  stimuli;  :m  mi  I  liojp  aphir  pm  jerl  ion  and  examin- 

i n ^  |  lie  ^ . .  of  |'i;piir  5,  we  mt  I  Iml  I  In  ;/■  I  ,  7 1  nim- 

polirills  of  I  |  |;ivc  1 1  s  the  profi  led  vector  we  me  seeking 
in  I  lie  iiii;i;i;e.  Let  O'  lie  I  lie  imapo  aujyle  cm  responding 
In  I  1  .  I  lien 


r  inn  (22) 

-r  1 

The  ih'Xl  slrp  is  (i>  use  the  n  i  1 11:1  lo  com  pill  <'  I  lie 
normal  nirvitt  imt  of  I  lie  smTnrr  in  (In*  <  I  i  r<*«  lion  0  I  Ik* 
noriii;il  cm i  vmI  hit  is  « * < 1 1 1 1 1 > 1 1 1 < m I  l>v  I. -ikin'1,  «i  si  rnii'Jil  line  \, 
in  I  In*  t\  linage  which  iiili'rsrcls  l\i  Mini  is  in  tin*  <liiTcl.ion 
O'.  t  l:nl<*r  ni  l  lio^raphir  piaMajrctiniit  L  w  ill  pmjrcl  l.n  a 
line  /,'  in  /■,..(•  W).  Th  e  Intel  is  lo  eompnle  I  lie  normal 
i  Iirvnl  lire  of  I  lie  cmve  C  M  v.here  C  is  I  lie  orthogonal 
project  ion  ol  //  onto  M.  Since  C  projects  lo  ;i  line  ill 
7 •„  ( I  ) ,  I  lie  magnit  Nile  of  I  lie  geodesic  curvature  l\  \ 
of  (I  is  II  17  Tims  loenl  changes  in  it  alo  ig  C  are  due 

primarily  I . . . . . .  I  c n real  lire  along  C.  We  compute  I  lie 

iinninil  cur  v:i  I  lire  i.  „  in  llie  direction  II  l»y 


K 


II 


</<v 

(/.S' 


(■>:() 


where  s  is  me  length  in  tin*  rlircclinn  0.  In  oilier  wonls, 
we  ;ire  di ll’ereiil  in t  in;;  I  In*  n  iiim^e  alniij',  L  willi  resped, 
In  mit  |eii|;lli  on  I  lie  surface.  I-Vnni  I  lie  local  cli;irarl.er  of 
s p»*c m In ri I i<*s ,  we  see  llial,  ?•»  r  v«*rv  "nml  a pprnxiiiiMl inn, 
i  it  leii^Mi  mi  flu*  surface  is  etjiial  In  length  in  //•„(.  W  ). 

Inrel’ore.  I  ■  •  1 1  j.;  1 1 1  m  I  lie  initio  :\inl  hit  1«  m;\ t  li  mi  I  Ik* 
smiI.ki-  ;ne  elnteil  l>v  (lie  scale  f ;  j  t‘  I  or  \  if~ .  I  Inis, 

i  inn  pill  ini',  normal  cniNMlnre  on  I  lie  surface  lias  been 
lednced  In  d i Hen- nli.i lit m  in  llic  n  ima^e. 

If  we  lei  0  vary  in  I  lie  i  miijo*  I)  •  0  'Ik  we  can 

(oiiipnle  /,•  ()  in  k ii v  number  ol  direclinns  at  l\\.  I  lie 
pi  incipal  curviil  nres  nf  \1  m(  l\t  are  defined  In  be  I  lie 
Maximum  and  minimum  values  of  k(i;  lie*  coriespnnd- 
i'ij»  direclinns  are  called  I  lie  principal  dm-clioas.  Hence, 
i  •ai;'>  I  his  I  «*<  li  1 1 i € f 1 1 1 *  il  is  puss  ible  I  .»  descri  be  M  I  «  )Ci  lllv  I  <1 
s.'i  iind  order  ill  I. 'rills  of  ptinripal  i  n I  \ a t  n n  s  and  prill- 
t  ip, 'd  direct  ions  In  tin-  roiil'-xl  ol  shapi-  !  lo  1 1 1  shading 
I  .'I  .  lirnss  7,  and  Drift  and  Silnsler  !l  examine  llic 
,  simipl  ions  irtpliri'd  to  ;;ri|ri,iti  lu;;ln  r  order  sill  l.n  f 
ilr'.i  i  ipl  ions  from  an  n  i iiia;;r . 


In  lliis  snltsrrt  ion  wr  examine  specular  rcllerl  ion 
from  spin  ini  classes  ol  surfaces.  Ill  1.2.1.  and  I  2.2. 
iv r  c o 1 1 s i 1 1 (  i  sin  faces  which  arc  lurnllv  singly  curved  and 
planar  respectively.  I ’’or  these  surfaces,  the  (lunssian 
cm  vat  lire  is  locally  '/.cm.  In  1.2.3.  we  examine  l.lie  case 
of  corners  and  edges  where  snrlaie  uor.ii.d  is  disconlin 
noils  Iml  where  specular it i < ■  s  are  recipient  ly  ohserved. 

■1,2.  I . S i 1 1 j ; I y  Curved  Surlacos 

If  one  principal  ciirtnlnrc  ol  a  snrlace  is  zero  ill  a 
.pecnlar  region  (i.e.  t  he  surface  is  locally  singly  curved), 
we  will  not  In'  ; 1 1 > 1 1  to  infer  immediately  llic  local  nriru- 
I  at  ion  as  «"  did  lor  a  donltly  i  nrecd  sill  face.  Id  illider- 
slaml  why,  consider  I'lgurc  (i.  I'igure  (i  shows  a  viewer 
looking  at  a  tilled  cylinder.  Id  make  the  example  con¬ 
crete,  assume  that  /  is  such  that  II  l  .  I ‘dr  I  his 
( oiilijpirat  inn  I  line  will  lie  no  point  on  the  surface  for 
which  o  II  (recall  that  II  is  essentially  constant),  yet 
we  will  still  observe  a  specularity  in  the  linage  if  at,  some 
point  o  is  small  enough  to  give  a  significant  value  for  /y 
in  (li).  Deline  <j<  lo  he  the  smallesl  value  of  a  Idr  a  given 
surface-source- viewer  rniiliguridiou.  I'igure  7  shows  a 
specularity  geucraled  hy  a  cylinder  which  is  orienl cil  so 
ill. it  i/i  is  dll11.  Note  that  a  specular  model  which  assumes 
a  smooth  surface  would  not  predict  a  specularity  for  this 
case. 


I  epire 
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I  i ; ; 1 1 1 e  7.  Specularity  for  a  Tilled  Cylinder 


We  observe  I  lull  il  is  Hpieallv  .  I-  • !  -  I  I  I  li.it  ;i 

HI  iTace  is  singly  nirvcil  at  a  specidaiilv.  I  Ins  is  li.raitsc 
vc  will  observe  a  line  of  ma  xliiim.i  inlnisilv  (along  the 
hue  of  7,  ero  curvature)  insteail  of  the  point  maximniii  we 
observe  for  till-  doubly  curved  ease. 

Figure  8  is  a  plot  of  /s  for  a  singly  curved  surface 
in  a  direction  perpendicular  to  the  lines  of  zero  curva¬ 
ture  as  we  change  II  is  worth  noting  that  both  the 
inagnit nde  and  shape  <d  /.,  change  as  i/>  increases.  Con- 
setpienll.v,  il  is  possible  to  recover  siguilienid  local  shape 
■  iforniation  for  this  class  of  surfaces. 


A’, 


Figure  8.  /.s-  for  dilferent.  values  of  </> 


'  2.2.PI1111CS 

For  a  planar  surface,  N  is  constant,  lienee,  recall¬ 
ing  onr  basic  assnniplions,  /y  is  constant  .across  a  plane. 
If  the  plane  is  oriented  such  Ilia  I.  11  is  small  enough,  then 
a  viewer  will  perceive  an  /y  relied  ion  component.  As 
. .  i  1. 1 1  the  single  curved  surface,  I  lie  magnitude  of  the  per¬ 
ceived  intensity  will  depend  on  ...  If  it  is  not  snllieienlly 
nmdl,  then  /s-  will  be  zero  at  all  points  on  the  plane. 
These  observations  provide  ns  with  two  useful  pieces  of 
information: 

I  (llossv  surfaces  which  don’t  generate  specnhirilies 
over  a  range  of  orient  at  ions  are  prohal.lv  planar. 

2.  Surfaces  w  hich  produce  a  sp.  culai it  v  of  constant 
intensilv  over  a  2  1)  region  in  the  image  are  locally 
planar. 

•i.2.2.  Corners  ami  Kilgcs 

S [lecnh'c’it ies  are  often  observed  at  places  of  discon¬ 
tinuous  snrlace  normal  on  an  object..  I  vpical  examples 
of  these  dis<  out  limit  ies  are  edges  and  corners  on  a  poly¬ 
hedron.  F0,1  an  ideal  edge  on  a  polvlicdron,  the  surface 
normal  is  iliscont 'unions  across  the  edge  (Figure  !)). 


Figure  0.  An  Ideal  Fdge 

For  an  ideal  edge  joining  two  planes,  we  should  not. 
expect  to  observe  a  spe.iihllilV  unless  either  .Y|  or  /Vs 
is  oriented  in  a  direction  which  is  snllieienlly  close  to 
the  perfect  specular  direction  II.  But  for  I  his  case,  as 
discussed  in  1.2. 2.,  we  would  expert  to  observe  a  spread 
out  specular  feature  on  one  ol  the  two  planes  joined  by 
the  edge.  So  whv  do  we  freipientlv  see  specular  lcllec- 
I ions  along  edges?  On  real  polyhedrn,  surface  normals 
are  usually  coni  innons  across  edg"x.  Instead  of  the  nor¬ 
mal  vector  changing  disc. ml  innnm.lv,  the  normal  usually 
changes  smoothly  from  A'|  to  AS  by  taking  values  which 
are  linear  combinations  of  Aj  and  AA .  As  we  cross  nil 
<  dge,  I  lie  snrlace  normal  moves  lapidly  through  a  large 
range  of  angles.  If  any  of  these  normals  is  oriented  ill 
a  direction  snllieienlly  near  the  direction  //,  we  will  ob¬ 
serve  a  specularity.  Therefore,  we  often  observe  a  spec¬ 
ularity  on  an  edge.  Figure  10  shows  tin  image  of  an  edge 
specularity. 


• 

> 

0 

<1 

Figure  It).  Image  of  an  Fdge  Specularity 


The  situation  is  similar  lor  trihedral  vertices.  As  with 
edges,  the  normal  vector  is  usually  <  out  innons  at  a  cor- 


>40 


hit.  I'o r  (  rilicilr.il  vcrl.iccs,  I  lie  iioniml  vector  I ypically 
lakes  oil  values  \v  li  it'll  arc  lineal  i  ■  >  1 1 1 1  >i  m  a  I  i<  >  us  of  the 
1 1 1 rcc  normals  corresponding  lo  the  three  planes  ilclin- 
ing  the  vertex. 

From  experiments  with  pnlyhedra,  we  have  devel¬ 
oped  a  useful  model  for  the  behavior  of  surface  normal 
across  edges.  Deliiie  r  to  lie  the  edge  sharpness  param¬ 
eter  ami  assume  I  lie  coordinate  .system  of  figure  II.  I’\ 
and  P->  denote  two  planes  intersecting  to  form  ail  edge. 


A', 


Figure  11.  The  Geometry  of  a  Hounded  Fdge 

The  y  axis  is  aligned  in  the  direction  of  Ari  and  the 
origin  is  a  distance  r  from  Pi  such  that  the  normal  to 
the  surface  begins  to  turn  away  from  N |  when  x 
becomes  positive.  The  model  for  I  he  normal  as  it  turns 
from  A'i  to  /Vj  is 

/  ,2  2 

jV  r:  -  X~Ni+  XNi  for  0  <  *  <  r\Ni  x  Af2|(24) 
r  r 

In  o(Iit  words,  the  normal  is  assumed  to  turn 
through  a  curve  of  constant  curvature  ’  .  Here  the  pa¬ 
rameter  r  is  used  to  specify  the  sharpness  of  the  edge. 
Small  values  of  r  indicate  sharp  edges,  while  larger  val¬ 
ues  of  r  iiidirale  more  rounded  edges.  Figure  ( 12  shows 
the  profile  of  a  specularity  across  a  sharp  90"  edge  which 
is  similar  I  i  I  he  profile  predicted  bv  the  continuous  nor¬ 
mal  variation  of  (21). 


d.3.  Predicting  A 

III  the  previous  analysis  we  have  assumed  that  over 
most  configurations  of  viewer,  source,  and  surface  the 
adjusted  geometrical  attenuation  factor  A  of  (1)  will 
have  a  small  constant  value  across  the  specularity.  For 
large  angles  of  incidence,  however,  the  chaiacler  of  A 
changes  remarkably  (Figure  III).  In  particular,  for  large 
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Figure  12.  Specular  Intensify  I’rolilc  Across  an  Fdge 


angles  of  incidence  (glancing  incidence)  we  see  that 

1.  A  becomes  large  relative  to  its  value  for  other  inci¬ 
dence  angles  (Figure  13). 

2.  A  causes  a  shift  in  the  peak  of  the  specular  profile 
toward  larger  angles  of  incidence. 

3.  A  causes  the  specular  profile  to  be  imsymmetric  as 
a  function  of  a. 

It  is  not  surprising  that  when  these  effects  are  present  in 
an  image,  they  are  rather  easy  to  detect.  For  this  reason, 
it  is  useful  to  make  qualitative  predictions  about  A  in 
applications  where  large  angles  of  incidence  are  possible. 


(Ni  lhi  \|-|  AMil  t.  (I! AltU V»| 


Figure  13.  Plot  of  A  as  function  of  incidence  angle 

ft.  The  Laboratory  Setup 

A  laboratory  arrangement  has  been  set  up  lo  lest 
the  derived  relationships  (Figure  Id).  I  his  section  of 
the  paper  describes  the  laboratory  setup.  Section  G  ex¬ 
amines  factors  which  must  be  considered  to  sueccsslidly 
interpret  real  images.  In  Section  7,  we  describe  an  im¬ 
plemented  system  which  has  been  used  to  infer  local 
surface  properties  Irom  specnlaritics.  Section  8  presents 
experimental  results. 


(i,  Pr.icl  1 1 - ; 1 1  (  uiisidcrations 


l‘  iglire  II.  I  III'  Lahmul  nry  Sell 


I"  iuvirr  .'Ill'll  rat  r  measurement',,  the  r\|ir|  illlenls 
II’  <■<  >  I H 1 1 1  C I  •  '  I  nil  ,1  l\(i  Inn  |  optical  table.  |  I  i  n  1 1  pn  ci- 
s|n|l  I'll)  .’I  I  inn  mill  I  milsl.ll  inll  stages  ,'||e  nsi'il  In  I  Ins  i  f  in  1 1 
I  In-  objects  lii-inn  viewed ,  \  h.'ilngen  1 1 < •  | ( |  source  with 

•">  mill  "ill''  lil.-l . Ill  is  pl.'H  I'll  211  feet  If.  >111  I  hr  object 

slir 1 1 1 i*i’  lii  a  pprnx  t  n  I  a  t  c  ;i  I > ni  1 1 1  .snin'iv.  \|niint'lirnni;it  ir 
i i 1 1 ■' i ", | '  H.il.'i  i’>  "l>l iii in’ll  using  ;i  \ii!rn  camera  mnl  an  im- 
digitizer.  \  'Jill  mill  Inis  is  iisi’ii  uilli  tin-  video 
i  n iima  In  nhli'ini  high  rrsnlul inn  ,'n'rnss  I  lit*  specnlaril  v. 
'i'lir  residling  images  ini’  in  I  hr  I'm  m  nf  25(tx25li  arrays  nf 
I'lM'Is.  I '  -  ill  1 1  i  Si  •  I  Inis  I'i;>  III  l)ils  Ilf  I'm  v  1 1  ■  v  i  •  |  resolution. 

\  J )  ITI'  isi '  positioning  device  In's  been  liuill  In  position 
•  hr  rnnii'i  a  i i'lat ivr  In  I  hr  sni'lam.  ( 'ainrin  n|>  jrrl  dis- 
1  'inn''  n|  al  Imsl  Jl  inrlii's  an’  rnlniTi'il  in  insnri'  that 
lln-  iissii ii ii  1 1  distant  object  rnmlilinn  is  met.  {  s i 1 1 ; ;  this 
s,iii|>.  il  is  |n issi I ilr  In  < > I > I 1 i n  min1.'  Ilian  III  pixels  across 
a  s|>rrn In i  feature  which  is  less  Ilian  a  crnl inn- 1 rr  wide 
nil  I  In'  mi i  lari'.  Mi'lnl  evliiub’rs  and  spheres  nf  varying 
cn rva I  n it  an’  list’d  In  lest  the  | ' i rilii'l ril  rclal intiships 
(Figure  15). 


I •  i j *, 1 1 it ■  15.  Smile  I '  x  penmenl al  Specula 


Sni 'faces 


I  Ids  seel  inn  examines  factors  which  must  he  con- 
sidr I'rd  In  1'iiablr  a  sha pi-  from  specularity  system  In 
sin  iTsslullv  ml  1'i  prrl  real  images. 


(id.  ( •  anssiaii  I  Slur 


I  n  furl  a  u .i I  el  v.  the  fn1  nial  inn  of  an  image  by  an  op- 

I I  i'-i  1  system  introduces  some  uinnuiil  nf  degradation, 
^e  i.'iii  nil  >■  !rl  this  degradat  inn  as  a  con  volul  ion  with 
a  spat  mllv  i  i  ■  \  ;i  ri.cn  t  (iaiissiau  p  i  >  i  u  I  s|>read  fmicliini  [1], 
I  lie  standard  deviatimi  nf  this  him  is  typically  less  than 
mie  pixel.  I  nr  small  specular  features,  Inking  into  ac- 
lnl||il  I  lie  e  II  eel  s  nl  I  his  blur  a  I  Imvs  a  mure  accurate 
delei'inmal  mu  nf  snrlace  shape. 

Our  s\  stem  uses  n  iiindule  called  111,1  IIINVKIiT 
In  ilehlur  I  In*  in|iiil  specular  image.  For  general  2- 
(hun  i,  iiniial  hi m*l inns,  iiivi  rliug  ( ianssiaii  hlur  is  an  nn- 
slahlr  process.  However,  an  explicit  drhlurring  couvoln- 
li"ii  kernel  lias  been  derived  uiulcr  certain  assumptions 

III  Hi  I  Ii.  1-1)  emit  anions  version  of  llic  kernel  is  given 


•W.vM 


x  drAtl'J1' 


,3  (.V  I )/2 

^  (  I  )*  //••*(  <')  (25) 

k  1 1 


where  \  is  an  odd  integer  denoting  the  order  of  the  ker¬ 
nel  and  //  !t  is  l  lie  lleniiile  pulviiomial  of  degree  2k. 
Larger  values  nl  N  give  heller  dehliirring  fillers  (i.e, 
'hey  reenv  -r  exactly  a  larger  space  ol  hlurred  input  func- 
( inns),  hill  .ire  mure  easily  In  rtnupiile.  The  value  of  N 
tli.il  is  chosen  in  applications  depends  mi  the  intensity 
characteristics  of  I  In-  images  Ilia!  will  he  processed  by 
lln-  svsteu  .  I  sine;  a  2 -dimensional  discrete  version  of 
(•’•>).  1 1"'  Hid  I!  I N \  l  .li  I  mndiile  allows  mir  system  to 
pmihicc  .'n  i  n rat  e  shape  deseripl  ions  from  small  specular 
leal  ores  in  images. 


<1.2,  Qnniil.ix.'it  ion  FU'octs 

On  a  snrlace  nf  high  eni  v.i I  lire,  il  is  ii . . likely  that  we 
will  measure  tin'  correct  maximum  specular  inl.cn.sily  l\  ' 
ill  (Ii).  I'll!'  problem  :s  I  hal.  far  highly  curved  surfaces  we 

;i"'  nimble  In  shrink  a  pixel  down  In  where  I  lie  snrlace 
area  il  images  is  approximately  planar.  I’.veu  within 
I'"'  single  pixel  nl  maximum  intensity,  n  is  changing 
.•"id  cannot  he  considered  const, ml.  lienee  the  int'-iisil.y 

'■'hie  al  Hie  maxi in  pixel  will  he  an  a verape  specular 

I  'teusilv  mi  r  a  small  range  nl  n  anil  will  nut  give  the 
h  ae  l\  n|  (fi).  |  his  must  he  en.reel  eil  for  iii  applua- 

Itnas.  An  ailil, iel  nl  llr.s  plieiinineiinii  is  I  lint  measured 
5  seems  In  increase  as  .surface  curvature  decreases.  It 


y&Z-cjy 


follows  'hat.  if  wo  wish  to  measure  /v  for  a  material,  we 
should  use  a  surface  of  small  curvature,  ideally  a  plai.e. 

Since  specnlaritics  are  usually  the  brightest  features 
m  images  specular  intensities  are  often  too  large  to  be 
represented  m  (lie  number  of  bits  per  pixel  allowed  by 
(lie  digitizing  hardware  or  within  I  lie  dynamic  range  of 
the  camera.  If  this  is  the  case,  the  specularity  is  trun¬ 
cated.  figure  Hi  shows  I  for  a  truncated  specularity. 

I  lie  obvious  way  to  deal  with  this  situation  is  to  avoid 
it.  One  avoidance  technique  is  to  take  multiple  images 
in  which  dilfering  amounts  of  light,  are  allowed  t.o  reach 
the  camera.  This  can  be  achieved  either  by  adjusting 
the  lens  aperture  or  by  using  fillers.  Another  possible 
solution  is  to  control  the  illumination  to  eliminate  the 
possibility  of  truncation . 
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Figure  16.  A  Truncated  Specularity 


the  system. 

7.1.  Overview  of  System  Structure 

At.  a  high  level  of  abstraction,  the  problem  is  best 
solved  in  two  steps.  The  first  step  is  to  drillin'  the  input 
specular  intensity  image.  'The  scco  id  step  is  t.o  compute 
local  surface  properties  from  the  image  resulting  from 
step  1. 

The  system  designed  to  solve  the  problem  preserves 
this  two  step  structure,  figure  li  is  a  diagram  of  the 
modules  in  our  system  with  arcs  indicating  module  in¬ 
teract  ions.  From  this  diagram  we  see  that  there  is  a 
clean  sepnmiion  between  the  dcblurriug  task  and  the 
task  of  computing  local  surface  properties.  First  the 
main  program  invokes  a  function  called  HU  RINVKR.l 
to  dchlur  he  input  image.  After  the  dcblurriug  task 
is  completed,  the  function  GTRVATURKS  is  called  to 
compute  local  surface  properties.  The  next  two  subsec¬ 
tions  give  iverviews  of  the  HITHl  1NV HR’l  and  Cl  R- 
VATI IRKS  functions. 
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If  inferences  must  lie  made  from  a  single  image, 
then  it  is  arguahR  belter  t.o  allow  truncation  to  occur. 
In  the  ease  where  input  images  have  eight  hits  per  pixel, 
intensities  will  range  from  I)  t.o  255.  In  many  applicn- 
l.ioiis  it  is  possible  to  weaken  the  incident  illumination 
so  that  no  truncation  occurs.  In  doing  this,  however,  we 
cause  pixels  on  the  /,<;  curve  which  previously  had  sig- 
nilieanl  specular  intensities  (on  the  truncated  specular 
feature)  to  have  negligible  speculnr  intensities.  I  lie  net 
ellecl  of  eliminating  truncation  is  to  decrease  the  width 
of  tin-  specular  feature  and  make  measurements  more 
.susceptible  to. small  errors. 

7.  A  Simper  from  Specularity  System 

A  system  has  been  implemented  which  computes  lo¬ 
cal  surface  properties  from  images  of  specular  surfaces 
T!  tin-  system  currently  stands  alone,  but  will  be  used 
in  i|k  more  general  context  of  the  SIR  (T.SSOR  vision 
.system.  1  he  shape  from  specularity  system  is  primar¬ 
ily  designed  to  perlorin  the  computations  described  in 
Section  I.  I  i i s  section  describes  lue  implementation  of 


Figuic  17,  System  Structure 

7.2.  Overview  oT  I5LURIN VERT 

The  RI/FIUNVI5RT  function  is  used  to  deblur  the 
Gaussian  blurred  input  image.  This  is  accomplished  ill 
two  stages.  First,  the  dcblurriug  convolution  kernel  is 
generated  by  DFJiKUK.  Then  the  CON  VOI.Y F,  function 
is  called  to  perform  the  convolution  of  the  blurred  in¬ 
put  image  with  the  constructed  dcblurriug  kernel.  I  wo 
functions  are  used  by  DFRKUR  to  manipulate  the  Iter- 
mite  polynomials  required  to  generate  the  debluiriug 
Idler.  The  function  1IERMITK  uses  a  dynamic  pro- 
gr.iimuiiig  scheme  to  compute  eoelhcieuts  of  all  llciiiutc 
polynomials  up  to  some  specified  degree.  I  he  function 
1IKVAL  is  used  to  evaluate  llermite  polynomials  at  fixed 
values  of  the  polynomial  parameter. 

7.3.  Overview  of  CUR.VA  I  CUES 

Given  a  dehlmred  specular  intensity  image,  the 
CHRVATCUFS  function  computes  the  prim  pal  curva¬ 
tures  and  directions  of  the  surlaee  at  spetidm  points. 
CUUVATCRKS  lirsl  uses  the  function  I.OC1MAGK  to 
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Table  1.  Actual  Surface  Statistics 
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0.534 
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Table  2.  Computed  Surface  Statistics 


9.  Summary  mid  Implications 

Umlcr-danding  specular  reflection  is  important  for 
any  vision  svstem  which  must  interpret  a  world  contain¬ 
ing  glossy  objects.  Using'  a  model  developed  by  optics 
researchers,  we  have  shown  that  we  can  accurately  pre¬ 
dict  the  appearance  of  specular  features  in  an  image.  In 
addition  w-  have  shown  how  to  compute  the  local  orien¬ 
tation  and  principal  curvatures  and  principal  directions 
of  u  specular  surface  by  examining  image  intensities  on  a 
specularity.  These  statistics  give  a  complete  local  char- 
act  cri/.al  ion  of  the  surface  up  to  second  order.  Unlike 
previous  vault,  our  derivations  have  included  the  elicits 
of  surface  roughness  and  mierosl.i  ni  ture  on  the  appear¬ 
ance  of  specular  features. 

A  system  has  been  implemented  which  computes 
local  surface  properties  from  images  of  spei  nlnr  ob  jects. 
A  laboratory  setup  lias  been  arranged  which  allows  ns  to 


capture  images  to  test  our  system.  The  system  lias  con¬ 
sistently  produced  accuralc  surface  descripl ions  despite 
(lie  fact  that  the  high  intensity  and  small  spatial  ex¬ 
tent  of  specnlaritics  makes  measurements  dillienlt.  Sig¬ 
nificant  aspecls  of  the  implementation  are  discussed  in 
Section  7.  Examples  of  experimental  results  are  given 
in  Section  8. 

The  ability  to  predict  intensity- based  features  such 
as  specularities  opens  up  interesting  possibilities  for 
model-based  vision.  Previous  model-based  vision  sys¬ 
tems  have  restricted  their  predictions  to  the  structure  of 
edges  which  will  be  observed  for  a  given  model.  An  abil¬ 
ity  to  predict  intensity-based  features  will  significantly 
lit*-  lup-d-mu  ntpuTiiiUin  *it  *  ru  idM-lwivt!  vi¬ 
sion  system.  Clearly  it  is  advantageous  to  be  able  to 
make  stronger  predictions  about  an  image  by  using  addi¬ 
tional  information  about  the  imaging  process.  Another 
important,  advantage  of  predicting  intensity-based  fea¬ 
tures  is  that  this  prediction  call  provide  strong  guidance 
to  low  level  intensity-based  visual  processes.  By  making 
predictions  about  the  appearance  of  intensity  patches  in 
an  image  we  can  hope  to  further  unify  the  goals  of  the 
low  level  and  high  level  mechanisms  of  a  niodel-bas'Cil 
vision  system. 

More  important  than  being  able  to  predict  the  ap¬ 
pearance  of  specularilies  from  Mirlace  models  is  our  sys¬ 
tem’s  ability  to  invert  the  process.  We  have  shown  how 
l.o  infer  loeal  second  order  surface  shape  from  specular 
images.  This  capability  provides  a  vision  system  with 
st  rong  generic  information  about  a  sinlacc  in  a  scene  us- 
ittg  el  l- idly  Iml.l.onl  Pp  ws-m-g  luJWiivm  *h ivju-  bjeilr- 
matioii  from  specularity  is  particularly  important  when 
viewing  metal  surfaces  because  oilier  shape  cues  such 
as  shading  and  texture  are  often  not  present.  For  other 
finds  of  surfaces,  shape  information  from  specularity 
can  be  combined  with  shape  information  obtained  us¬ 
ing  other  cues  to  improve  the  3-D  surface  descriptions 
generated  by  a  vision  system. 
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Abstract 

We  present  a  technique  for  finding  object  boundaries  that  com¬ 
bines  both  low-  and  high-level  information.  We  integrate  infor¬ 
mation  along  a  candidate  boundary  and  incrementally  deform 
it,  using  a  guided  gradient  ascent  procedure,  until  a  satisfactory 
curve  is  found.  The  strength  of  this  technique  lies  in  our  ability 
to  guide  the  search  by  applying  forces  to  the  boundary,  guiding 
its  change  in  shape  and  location.  This  technique  overcomes  in¬ 
herent  image  ambiguities,  thereby  finding  boundaries  that  could 
not  otherwise  be  found. 

1  Introt  uction 

In  real-world  images,  physical  event  discontinuities  cannot  be 
detected  solely  by  their  local  statistical  signature  in  the  image 
because  of  the  presence  of  noise  and  various  photometric  anoma¬ 
lies.  All  methods  for  finding  discontinuities  that  use  purely  lo¬ 
cal  statistical  criteria  are  therefore  bound  to  make  mistakes  and 
miss  some  of  the  weaker  parts  of  edges. 

To  supplement  the  weak  and  noisy  local  information,  we  must 
integrate  information  from  the  many  points  that  lie  on  an  edge 
without  introducing  irrelevant  and  often  misleading  information 
from  other  points.  We  propose  to  do  this  by  integrating  infor¬ 
mation  along  a  candidate  curve  and  incrementally  deforming  it, 
using  a  guided  gradient  ascent  procedure,  until  a  satisfactory 
curve  is  found.  The  strength  of  our  procedure  lies  in  the  ability 
to  guide  the  search,  perhaps  on  the  basis  of  semantic  informa¬ 
tion,  by  applying  forces  to  the  curve  to  guide  its  change  in  both 
shape  and  location. 

In  the  next  section,  we  describe  our  model  of  an  ideal  step- 
edge.  We  then  describe  the  guided  gradient  ascent  procedure, 
using  the  search  for  a  straight  edge  as  an  example.  Finally,  we 
present  applications  of  the  procedure  to  automated  cartography 
and  object  location. 

2  Our  Model  of  An  Ideal  Step-Edge 

We  define  an  ideal  step-edge  to  be  a  simple  one-dimensional 
curve  C  for  which  the  following  properties  hold  everywhere  along 
the  curve  Haralick,  1984): 

1.  The  magnitude  of  the  directional  first-derivative  of  image 
intensity  normal  to  the  curve  is  a  local  maximum  in  that 
direction;  i.e.,  the  directional  second-derivative  of  image  in¬ 
tensity  normal  to  the  curve  is  zero. 


2.  The  magnitude  of  the  directional  first-derivative  of  image 
intensity  tangential  to  the  curve  is  zero. 

Ideally,  we  wish  to  define  a  functional  7(C;  I)  such  that  it  has  lo¬ 
cal  maxima  with  respect  to  infinitesimal  deformations  of  C  when 
and  only  when  these  properties  hold.  Given  such  a  functional, 
we  can  then  formulate  the  problem  of  finding  an  ideal  edge  as 
one  of  maximizing  7  using  gradient  ascent  methods. 

We  can  define  such  a  functional,  but  it  is  expensive  to  compute 
because  it  involves  calculating  the  directional  first-derivative  of 
image  intensity  at  every  point  along  the  curve  as  a  function  of 
its  tangent.  Instead,  we  define  a  functional  that  is  much  less 
expensive  to  compute,  but  that  depends  on  conditions  that  are 
only  necessary  for  a  curve  to  be  an  ideal  step-edge.  Thus,  once 
a  candidate  curve  has  been  found  by  maximizing  this  simpler 
functional,  we  must  test  it  using  the  more  expensive  and  reliable 
criteria  specified  above. 

Two  necessary,  but  not  sufficient,  conditions  for  a  curve  C  to 
be  an  ideal  step-edge  are: 

1.  the  average  magnitude  of  image  intensity  gradient 
(I  V I  (x,  y)  |)  along  C  must  be  a  local  maximum  with  respect 
to  infinitesimal  deformations  of  C,  and 

2.  th»  average  variance  of  the  magnitude  of  image  intensity 
gradient  along  C  must  be  a  local  minimum  with  rerpect  to 
infinitesimal  deformations  of  C; 

with  the  corresponding  functionals: 

7,n(C,l)  -  f  \VI(x,y)\ds/\C\ 

UC\I)  =  fc\VI(x,y)-rfds/\C\, 

p=7m(C;I),  | C |  =  length  of  C. 

In  principle,  one  should  be  able  to  use  either  one  or  the  other 
functional  alone,  since  they  correspond  to  necessary,  but  not  suf¬ 
ficient,  conditions.  In  practice,  however,  using  either  one  alone 
produces  too  many  local  extrema  that  do  not  satisfy  the  full 
conditions.  An  intuitive  explanation  for  this  is  that  maximiz¬ 
ing  7m{C\  1)  alone  can  produce  curves  that  span  several  disjoint 
edges  whose  average  magnitude  might  be  quite  high,  whereas 
minimizing  7V(C ;  J)  alone  can  produce  arbitrary  curves  over  en¬ 
tirely  uniform  areas  of  the  image.  For  these  reasons,  we  have 
chosen  to  maximize  the  combination 

Xfr.  T\  -~m(C;  7) 

■(C'  )_|7u(C;7)]a  °  ’ 
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which  almost  always  produces  satisfactory  curves  when  started 
sufficiently  near  an  edge.  Choosing  a  large  a  tends  to  force 
intermediate  curves  to  be  approximately  parallel  to  the  final 
curve,  providing  stability  in  the  search.  However,  a  should  be 
chosen  to  be  small  enough  that  somewhat  nonideal  edges,  which 
are  prevalent  in  real  images,  can  still  be  found.  In  practice, 
a  -  0.2  produces  satisfactory  results  in  most  situations. 

The  great  advantage  of  this  functional  over  the  ideal  one  is 
that  it  can  be  computed  very  cheaply  because  |  V I(x,  y)|  need  be 
computed  only  once  for  every  image  point,  independently  of  the 
curve.  Thus,  we  can  approximate  the  integrals  by  summing  over 
a  precomputed  gradient-magnitude  image  such  as  that  produced 
by  a  Sobel  operator.  Furthermore,  in  the  final  stages  of  the 
procedure  described  in  the  next  section,  we  can  interpolate  the 
results  of  the  Sobel  operator  to  produce  subpixel  estimates  of  the 
gradient-magnitude,  and  hence  subpixel  estimates  of  the  edge. 

3  The  Guided  Gradient  Ascent  Proce¬ 
dure 

We  are  interested  in  finding  curves  that  maximize  7{C\  1)  given 
an  initial  estimate  of  the  curve’s  location  and  shape  [Witkin 
et  a/.,  1986].  For  a  curve  defined  by  a  number  of  geometric 
parameters,  we  can  do  this  by  using  gradient  ascent  given  initial 
estimates  of  these  parameters. 

The  unguided  gradient  ascent  algorithm  iteratively  takes  steps 
of  a  given  size  in  the  direction  of  the  gradient.  As  the  iter¬ 
ations  proceed,  the  step-size  is  reduced  whenever  7  decreases 
and  when  certain  quality  criteria,  such  as  7m  being  greater  than 
some  minimal  value,  are  satisfied.  The  latter  criterion  is  im¬ 
portant  to  avoid  stopping  at  weak  local  maxima,  which  occur 
relatively  frequently  because  of  noise.  The  procedure  is  stopped 
when  the  step-size  becomes  smaller  than  some  minimal  value, 
typically  corresponding  to  some  fraction  of  a  pixel  for  position 
and  a  few  degrees  for  orientation. 

For  example,  consider  the  case  of  a  straight  line-segment  of 
fixed  length.  Figure  1(a)  shows  the  image  that  we  will  be  using 
for  all  of  our  examples,  and  Figure  1(b)  shows  the  corresponding 
gradient-magnitude  image. 

Figure  2(a)  shows  such  a  line-segment  placed  near  a  straight 
edge  in  an  image.  Figure  2(b)  shows  an  intermediate  step  as 
the  gradient  ascent  procedure  iterates,  with  the  final  result  in 
Figure  2(c). 

Of  course,  this  procedure  crucially  depends  on  being  relatively 
near  the  correct  final  result.  For  example,  if  we  were  to  place 
the  initial  line-segment  in  a  uniform  area,  it  would  oscillate  and 
might  never  stop. 

The  strength  of  our  approach,  however,  lies  in  our  ability  to 
guide  the  procedure  when  some  a  priori' semantic  or  geometrical 
information  is  known.  This  is  done  by  applying  forces  to  the 
curve  by  multiplying  the  base  functional  by  forcing  functionals 
that  depend  on  the  parameters  of  the  curve,  but  not  on  the 
image. 

To  continue  our  previous  example  using  forcing  functionals, 
we  want  to  find  an  edge  parallel  to  the  one  in  Figure  2(c) .  We  can 
guide  the  procedure  by  applying  a  force  to  each  of  the  end-points 
in  the  direction  perpendicular  to  the  original  line  (multiplying  7 
by  the  length  of  the  vector  that  is  perpendicular  to  the  original 
line  passing  through  the  end-point).  By  starting  with  a  line- 
segment  close  to  the  one  in  Figure  2(c),  and  applying  this  force, 


the  system  found  the  parallel  edge  illustrated  in  Figure  3.  Note 
that  the  gradient-magnitude  of  this  edge  is  extremely  weak,  and 
would  therefore  have  been  missed  entirely  by  local  techniques. 

4  Applications  of  the  Approach 

We  have  implemented  several  more  sophisticated  applications  of 
the  guided  gradient  ascent  approach,  of  which  only  two  can  be 
briefly  discu"  ed  here. 

The  first  application  is  to  automated  cartography.  In  an  aerial 
image,  the  height  of  a  building  can  be  estimated  by  using  the 
known  sun  direction,  the  position  of  one  of  its  corners,  and  its 
corresponding  shadow  corner.  In  order  to  build  an  interactive 
cartographic  system  that  will  perform  this  task  automatically, 
w'e  want  to  allow  the  user  to  point  near  a  corner  and  have  the 
system  find  its  exact  location  and  orientation. 

The  procedure  we  have  implemented  starts  by  having  the  user 
point  inside  a  building  or  shadow  near  a  corner.  A  rough  esti¬ 
mate  of  the  directions  of  the  edges  is  computed  by  finding  the 
two  main  peaks  in  the  histogram  of  Sobel  directions  in  a  win¬ 
dow  around  this  point.  These  two  directions  are  used  to  split 
the  window  into  four  quadrants,  corresponding  to  the  four  pos¬ 
sible  orientations  of  the  corner.  If  the  corner  is  within  the  win¬ 
dow,  three  of  the  quadrants  overlap  its  edges  and  only  one  is 
within  the  object  or  the  shadow.  A  simple  area-based  measure 
determines  which  quadrant  is  most  uniform,  and  hence  entirely 
within  the  object  or  shadow.  Figure  4(a)  shows  the  initial  guess 
computed  for  two  user-supplied  points. 

The  initial  guess  is  fed  to  the  optimization  algorithm,  with 
forces  applied  to  the  candidate  corner  such  that  its  edges  are 
pushed  outward.  The  edges  are  coupled  by  a  force  proportional 
to  the  angle  of  the  corner.  This  prevents  one  edge  from  stopping 
in  a  local  minimum  when  the  other  has  not  yet  stabilized.  Fig¬ 
ure  4(b)  shows  the  final  result,  in  which  the  corners  have  been 
accurately  found  although  the  initial  points  were  quite  distant 
from  the  actual  corners. 

The  second  application,  described  in  detail  in  this  proceed¬ 
ings  (I’ua  and  Hanson,  1987],  is  to  integrate  this  approach  in 
a  fully  automated  system  for  the  detection  and  location  of  cul¬ 
tural  objects  in  aerial  images.  Briefly,  the  system  hypothesizes 
the  shape  of  objects  by  combining  an  Ohlander-style  segmenta¬ 
tion  with  geometric  mode's  and  semantic  information  about  the 
expected  class  of  objects.  The  guided  gradient  ascent  is  then 
used  to  improve  and  verify  these  predictions.  The  technique  has 
allowed  the  system  to  discover  boundaries  that  were  entirely 
missed  by  both  the  segmentation  and  local  edge  operators. 

5  Conclusions 

e  ha\e  presented  a  technique  for  finding  object  boundaries 
given  rough  initial  estimates  of  their  shape  and  position.  The 
power  of  this  technique  lies  in  its  ability  to  combine  low-  and 
high-level  information.  In  many  scenes,  the  ambiguities  of  the 
data  are  such  that  shapes  cannot  be  extracted  reliably  by  the 
sole  use  of  low-level  cues.  Our  technique  allows  us  to  supple¬ 
ment  this  weak  information  with  higher-level  knowledge,  such 
as  the  expected  shape  of  the  boundaries,  which  is  used  to  de¬ 
termine  the  shape  of  the  operator  and  the  -uiding  orces.  This 
additional  information  allows  the  system  to  overcome  inherent 
imam  ambiguities  and  find  shapes  that  could  not  otherwise  be 
found. 
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(a)  The  initial  guess  for  the  edge 

(1))  An  intermediate  step 

(c)  The  final  location  of  the  edge 
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Figure  1:  (a)  The  original  image  (b)  The  gradient  image 
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Figure  3:  A  weak  parallel  edge 


Figure  4:  (a)  The  initial  guess  for  the  corners 
(b)  The  final  1  ocation 


The  work  reported  here 
Advanced  Research  Proje 
and  MDA903-86-C-0084  . 


was  partially  supported  by  the  Defense 
.s  Agency  under  contracts  DACA76-85-C-0004 
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Abstract.  Texture  provides  one  cue  for  identifying  the 
physical  cause  of  an  intensity  edge,  such  as  occlusion, 
shadow,  surface  orientation  or  reflectance  change.  Marr, 
Julesz,  and  others  have  proposed  that  texture  is  represented 
by  small  lines  or  blobs,  called  “textons”  by  Julesz  [1983],  to¬ 
gether  with  their  attributes,  such  as  orientation,  elongation, 
and  intensity.  Psychophysical  studies  suggest  that  texture 
boundaries  are  perceived  where  distributions  of  attributes 
over  neighborhoods  of  textons  differ  significantly. 

However,  these  studies,  which  deal  with  synthetic  im¬ 
ages,  neglect  to  consider  an  important  question:  How  can 
these  textons  be  extracted  from  images  of  natural  scenes? 
This  paper  proposes  an  answer  to  this  question  by  propos¬ 
ing  an  algorithm  for  detecting  blobs  in  natural  images.  As 
part  of  the  blob  detection  algorithm,  methods  for  estimat¬ 
ing  image  noise  are  presented,  which  are  applicable  to  edge 
detection  as  well. 


1  Introduction 

A  crucial  step  in  the  visual  process  is  the  identification  of 
physical  discontinuties  in  the  scene — sharp  changes  in  sur¬ 
face  depth  and  orientation,  reflectance,  and  illumination. 
All  of  these  phenomena  can  result  in  intensity  edges,  so 
other  processes  besides  edge  detection  are  needed  to  iden¬ 
tify  these  events.  Texture,  along  with  color  and  motion, 
provides  a  cue.  As  discussed  by  Riley  [1981],  drastic  tex¬ 
ture  changes  can  only  be  explained  by  occlusion,  while 
projection-type  changes  can  be  due  to  a  surface  orienta¬ 
tion  discontinuity  as  well.  It  is  with  this  goal  in  mind — the 
interpretation  of  physical  discontinuities — that  we  investi¬ 
gate  the  visual  processing  of  texture  information. 

In  his  theory  of  the  primal  sketch,  Marr  [1976]  proposed 
that  texture  is  represented  in  the  raw  primal  sketch  a 
symbolic  description  of  localized  intensity  changes  in  the 
image,  including  edges,  compact  blobs,  and  linear  blobs 
called  bars.  Attributes  of  these  tokens-their  size,  orienta¬ 
tion,  contrast,  and  termination  points-are  computed,  along 
with  their  position.  Texture  boundary  detection  and  the 
extraction  of  form  proceeds  by  comparing  first  order  statis¬ 
tics  of  distributions  of  these  attribute"  -rize,  orientation, 
contrast,  and  density-  -over  nearby  neighborhoods. 


Since  the  primal  sketch  theory  was  proposed,  a  number 
of  psychophysicists  have  studied  human  texture  perception. 
Julesz  (who  had  previously  held  the  opposite  view)  demon¬ 
strated  that  firsr  order  local  statistics  of  blobs  better  ac¬ 
count  for  perceived  texture  differences  than  second  order 
global  statistics  of  pixels  'Julesz,  1983].  He  concluded  that 
blobs  called  "textons” — together  with  their  geometric  and 
intensity  attributes,  termination  points,  and  crossings — 
form  the  primitives  on  which  texture  perception  is  based. 
Many  psychophysical  studies  of  texture  perception  have  as¬ 
sumed  the  existence  of  texton  detectors,  employing  syn¬ 
thetic  images  of  symbols  such  as  line  segments. 

However,  these  psychophysical  studies,  which  are  based 
only  on  synthetic  images,  neglect  to  consider  an  important 
issue:  How  can  such  textons  be  reliably  extracted  from  im¬ 
ages  of  natural  scenes?  Here  we  attempt  to  to  answer  this 
question  by  describing  an  algorithm  we  have  implemented 
which  detects  small  blobs  in  natural  images. 

2  Noise  estimation 

When  dealing  with  images  of  natural  scenes,  it  is  necessary 
to  estimate  the  amount  of  noise  in  an  image.  In  edge  or 
blob  detection,  the  noise  estimate  determines  a  threshold 
above  which  an  intensity  change  is  considered  “significant.” 
In  this  section,  we  show  how  noise  can  be  estimated  from  a 
histogram  of  the  image  convolved  with  a  gaussian  or  lapla- 
cian  of  gaussian  filter,  depending  on  which  is  used  for  edge 
or  blob  detection. 

2.1  Gaussian  filtering 

If  one  assumes  that  the  smoothed  image  f(x,y)  =  I  *  G 
consists  of  white  gaussian  noise, 

(1) 

then,  using  the  probability  law  for  a  function  of  random 
variables,  the  partial  derivatives  fx  and  fy  have  p.d.f. ’s 

/CO 

Pr(z)Pr(c-s)ds  =  G(c;c),  (2) 

•  OO  J  J 

where  <;  =  \/2a .  Again  using  the  probability  law,  the 
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Figure  1:  The  Rayleigh  distribution 
(a)  Rayleigh  distribution  and  (6)  its  first  derivative. 

p.d.f.  of  the  magnitude  of  the  gradient  ||V/||  =  j *  +  f- 
‘S 

Pr  (m)  =  z  /  Pr(m  cos  9)  Pr(m  sin  9)d8 
||V/||  Jo  Si  /v 

=  for  m  >  0.  (3) 

The  magnitude  of  gradient  distribution  is  a  Rayleigh 
distribution,  graphed  in  Figure  1,  with  a  maximum  value 
at  m  =  ?.  The  addition  of  real  edges,  whose  gradients  are 
stronger  than  those  of  the  noise  distribution,  affect  mainly 
the  tail  of  the  distribution,  and  do  not  significantly  affect 
the  location  of  the  peak.  Bracho  and  Sanderson  [1985],  who 
applied  thi'  idea  to  region  growing,  noted  that  the  assump¬ 
tion  holds  as  long  as  a  large  portion  of  the  image  consists 
of  roughly  uniform  intensity  which  satisfies  the  white  noise 
model.  Often  the  background  of  the  image  is  such  a  region. 
In  this  case,  the  noise  can  be  estimated  by  constructing  a 
histogram  h(m)  of  ||V / 1|,  and  simply  measuring  the  loca¬ 


tion  of  the  peak  as  ?.  Figure  2  shows  an  example  for  which 
this  simple  method  works  well. 

While  this  strategy  works  well  for  images  containing 
some  uniform  regions,  it  can  fail  when  the  image  contains 
many  strong  texture  edges,  as  shown  in  Figure  3(a).  In  this 
case,  the  many  edges  of  strong  gradient  obliterate  the  the 
local  maximum  of  h(m)  due  to  the  noise  distribution.  It  is 
therefore  preferable  to  fit  the  1  .ayleigh  distribution  to  the 
steep,  rising  portion  of  the  histogram. 

The  fitting  can  be  done  easily  by  using  the  first  deiiva- 
tive  of  the  smoothed  histogram,  h'(m).  Either  the  location 
where  h1  crosses  zero  or  where  it  “would  have  crossed”  zero, 
whichever  quantity  is  less,  estimates  ?.  The  latter  position 
is  computed  by  linearly  extrapolating  the  downward  slop¬ 
ing  portion  of  h\  as  shown  in  Figure  3(c).  The  former  case, 
of  course,  corresponds  to  the  first  local  maximum  of  h(m ), 
which  is  used  as  the  estimate  for  images  satsifying  the  uni¬ 
form  region  assumption. 

Once  c  is  estimated,  one  can  choose  a  threshold  to  ex¬ 
clude  most  edges  due  to  noise.  To  remove  noise  with  a 
confidence  of  c,  requires  a  threshold  r  such  that 

fo  zG(< ;;  z)dz 
Io°  zG(<;;  z)dz  ’ 

yielding  r/c  =  \/— 2  In  c.  Hence,  removing  noise  with  a 
confidence  of  99%  requires  t/?  as  3. 

Figures  3(f)  and  2(c)  demonstrate  that  this  improved 
method  works  for  images  consisting  entirely  of  highly  tex¬ 
tured  images,  as  well  as  for  images  containing  untextured 
areas.  In  these  examples,  we  used  the  edge  detector  of 
Canny  [1983],  thresholding  the  edges  with  hysteresis,  using 
Ti/?  =  2  and  r2  =  2rj.  In  many  applications,  it  is  desirable 
to  remove  weak  “real”  edges  as  well,  in  which  case  higher 
threshold  factors  are  used.  The  examples  also  show  that 
simply  choosing  a  fixed  percentile  of  the  histogram  does 
not  provide  a  robust  estimate  of  noise. 


Figure  Simple  Noise  Estimation  Example 

(a)  Image  of  mouse,  containing  smooth  intensity  surfaces.  (6)  Magnitude  of  gradient  histogram  with  Rayleigh  distribution  fit 
to  peak  at  m  =  e.  (c)  Edges  detected  using  hysteresis  with  Tj  =  2c,  t2  =  4c. 
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Figure  3:  More  Complicated  Noise  Estimation  Example 

Since  this  image  (a)  contains  no  smooth  intensity  surfaces,  fitting  the  Rayleigh  distribution  to  the  global  maximum  of  the 
gradient  histogram,  /i(m)  (6)  results  in  too  high  a  edge  threshold  (e).  A  better  fit  is  obtained  (d)  by  extrapolating  the  first 
'Wivative  of  the  smoothed  histopram  (c),  resulting  in  a  better  edge  threshold  (/).  Edge  images  (e)  and  (f)  were  thresholded 
with  hysteresis  with  T\  =  2?,  r2  =  4c. 


2.2  Laplacian  of  Gaussian  filtering  and  blob  detec¬ 
tion 

For  laplacian  of  gaussian  edge  or  blob  detection,  one  is 
interested  in  choosing  a  non-zero  threshold  r,  to  exclude 
most  responses  due  to  noise.  If,  as  before,  we  assume  the 
smoothed  image  /  =  I  *  G  consists  of  white  gaussian  noise 
with  standard  deviation  a,  then  the  p.d.f  of  V'/  =  fix  +  Jyy 
is  PrV2/(z)  =  G(c;z),  where  c  =  4cr.  In  this  case  the  his¬ 
togram  of  V2/  is  a  gaussian  distribution.  Again,  real  edges 
mainly  affect  the  tails  of  the  distribution,  so  the  gaussian 

distribution  is  fit  to  only  the  central  portion  of  the  his¬ 
togram. 

The  relationship  between  threshold  r  and  confidence 
level  c  is  given  by  the  standard  normal  distribution.  Avoid¬ 
ing  responses  due  to  noise  with  c  ~  99%,  for  example,  re¬ 
quires  t/c  ft  2.3. 


3  Blob  detection 

For  blob  detection  it  is  natural  to  use  the  sign  bits  of 
/  *  V2G.  In  this  sense  blobs  may  be  regarded  as  duals 
of  edges,  which  can  be  detected  using  the  zero  crossings  of 
I  *  V2G.  Instead  of  thresholding  at  zero,  however,  a  small 
threshold  is  used  which  removes  some  connections  between 
blobs  due  to  noise.  The  threshold  is  positive  for  dark  blobs 
(and  negative  for  light  blobs),  and  its  magnitude  is  pro¬ 
portional  to  the  noise  estimate.  In  the  examples  here,  we 
identify  dark  blobs  where  I  *  V2G  >  Co,  where  C0  ft 

For  the  purpose  of  relating  texture  to  the  properties 
of  physical  surfaces,  it  is  desirable  to  discount  the  effects 
of  illumination.  In  the  simplest  model  of  image  forma¬ 
tion,  brightness  is  roughly  a  multiple  of  reflectance  and 
incident  illumination,  b(x,y)  =  r(x,y)i(x,y)  [Horn,  1986]. 
The  presence  of  a  shadow  decreases  the  brightness  differ¬ 
ence  between  a  texton  and  its  background  and  therefore 
decreases  the  response  of  I  *  V2G  over  the  shadowed  re¬ 
gion.  Hence,  if  pixel  values  are  linear  with  brightness,  shad¬ 
ows  can  cause  texture  density  or  contrast  boundaries,  as 
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3.1.2  Bar  segmentation 

Elongated  regions  can  be  segmented  at  junctions  and  bends 
by  using  a  refinement  of  the  medial  axis  transform.  The 
medial  axis,  obtained  by  thinning  the  region  down  to  its 
skeleton,  has  been  criticized  for  being  sensitive  to  slight 
perturbations  in  the  region  contour  (see  Figure  6).  How¬ 
ever,  a  stable  representation  can  be  obtained  by  keeping 
only  those  segments  of  the  skeleton  which  represent  elon¬ 
gated  sections  of  the  region. 

The  pruning  is  accomplished  as  follows:  Straight  line 
segments  are  fit  to  the  skeleton,  with  knot  points  placed 


Figure  5:  Segmenting  compact  bars  using  multiple  levels 

(a)  The  surface  /  *  V2G  sliced  at  levels  l\  and  (b)  The  blob 
at  fi  is  split  into  two  blobs  at  f2.  (c)  The  blobs  at  f2  are  labelled 
and  grown  over  the  original  blob  to  segment  it. 
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Figure  6:  A  More  Robust  Medial  Axis  Transform 

The  medial  axis  transform  of  a  rectangle  (a)  is  undesirably  sensi¬ 
tive  to  slight  changes  in  the  bounding  countour  (6)  [From  Marr, 
1682,  p.  304].  Fitting  straight  line  segments  to  the  skeleton  and 
removing  those  which  are  short  relative  to  their  distance  from 
the  perimeter  yields  a  more  robust  representation  (c). 


at  any  intersections  as  well.  The  average  distance  along 
each  corresponding  skeleton  segment  to  the  perimeter  of 
the  region  is  computed,  and  only  segments  whose  lengths 
are  longer  than  a  times  their  radii  are  retained  (we  use 
a  =  3,  which  corresponds  to  an  minimum  aspect  ratio  of 
a/2  =  3/2).  At  this  stage,  a  maximum  aspect  ratio  can 
be  imposed  on  textons,  if  desired,  by  splitting  very  long 
segments.  The  algorithm  removes  insignificant  skeleton 
segments,  retaining  only  those  which  represent  elongated, 
bar-like  parts  of  the  region.  The  remaining  segments,  num¬ 
bered,  are  then  grown  back  over  the  original  region,  seg¬ 
menting  it  into  approximately  linear  segments.  Compact 
regions,  which  have  no  significant  skeleton  segments,  are 
not  segmented.  Figure  7  shows  a  simple  example. 

The  blob  detection  and  segmentation  operations  are  il¬ 
lustrated,  step-by-step,  on  a  natural  image  in  Figure  8. 

3.2  Attribute  computation  and  removal  of  spuri¬ 
ous  blobs 

At  this  point  the  blob  regions  have  been  segmented  into 
localized  blobs,  whose  attributes  can  be  computed.  The 
length,  width,  and  orientation  of  each  blob  is  computed 
from  its  second  moments  (see,  for  example,  [Horn,  1986]). 

In  addition  to  geometric  attributes,  the  average  contrast 
of  each  blob  is  computed  along  its  perimeter  using  the  quan¬ 
tity  c(s)  =  V/  *  G  ■  n(s),  where  n(s)  is  the  normal  along 
the  blob’s  perimeter.  Assuming  a  step  edge  of  amplitude 


Figure  7:  Segmenting  Bars  at  Junctions  and  Intersections 

a)  A  bar-like  figure  to  be  segmented,  (b)  Skeleton  (medial  axis 
transform)  obtained  by  thinning,  (c)  Straight  line  skeleton  with 
segments  having  small  aspect  ratios  removed,  (d)  Segmentation 
obtained  by  growing  labelled  segments  back  over  original  figure. 
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Figure  8:  Steps  of  blob  detection  and  segmentation 

(a)  Image  J ,  a  close-up  of  mismatched  clothing.  ( b )  I  *  V2G.  (c)  1  *  V2G  >  (\.  (d)  I  •  V2G  >  f3,  G  >  ( e)  Segmentation 

obtained  by  growing  (d)  over  (c).  (/)  Significant  skeleton  segments  of  (e).  (g)  Segmentation  obtained  by  growing  (f)  over  (e). 
( h )  Result  of  removing  spurious  blobs  from  (g).  (t)  Rectangles  showing  geometric  attributes  of  blobs  in  (h). 


a,  the  contrast  at  a  point  on  the  perimeter  c(s)  —  a/2na, 
where  G(er)  is  the  gaussian  smoothing  filter. 

Only  blobs  having  over  half  their  perimeter  tbove  the 
noise  threshold  (computed  as  in  Section  2.1)  are  main¬ 
tained.  This  removes  remaining  blobs  due  to  noise  as  well 
as  any  spurious  blobs  caused  by  strong  edges  along  only 
one  side  of  them.  Figure  9  and  10  show,  more  examples. 


rithm  is  offered  by  Mahoney  19sT],  who  uses  elliptical 
masks  at  different  resolutions  and  orientations  to  detect 
blobs  in  a  binary  array.  However,  the  algorithm  proposed 
here  employs  local  operations  and  is  quite  efficient.  As  cur¬ 
rently  implemented  on  a  Symbolics  lisp  machine,  the  en¬ 
tire  blob  detection  process  takes  about  6  minutes  on  the 
160  x  454  pixel  books  image  shown  in  Figure  10(a).  Of  this 
time,  about  2  minutes  are  used  for  convolution,  differentia¬ 
tion,  and  noise  estimation;  3  minutes  for  blob  segmentation 
(using  5  levels);  and  1  minute  for  attribute  computation  and 
thresholding.  On  the  Connection  Machine,  we  expect  the 
algorithm  to  take  a  few  seconds. 


3.3  Analysis  of  blob  detection  algorithm 

The  proposed  blob  detection  scheme  is  not  claimed  to  be 
biologically  plausible.  A  more  biologically  plausible  algo¬ 
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Figure  9:  Blobs  due  to  surface  roughness 

ia]  Al  imaSe  of  a  Pam  k‘g  and  sock  aSainst  a  pitted  ceiling  tile.  Color  does  not  provide  a  rue  i.,r  v  v- 

scene,  since  all  surlaces  are  white.  4)  All  blobs  found,  (c)  Strong  Mobs  found  at  scale  a  2  pixels. 


4  Why  blobs? 


We  conjecture  that  texture  in  natural  scenes  can  be  i "pre¬ 
sented  using  blobs  (as  detected  by  our  algorithm)  and  their 
attributes. 

By  trjiiig  jiiot  Cod  Jt  u&cd,  vJUl  OUojtclurt  i  -o'-ur 

bles  Julesz’s;  however,  it  is  based  on  the  analysis  of  nat¬ 
ural,  rathrt  than  synthetic,  inagtsf.  VV  claim  that  LLLc 
are  more  useful  than  edges  for  representing  texture  for  two 
reasons.  First,  attributes  of  blobs  capture  more  informa¬ 
tion  than  attributes  of  edges.  First  order  statistics  of  blob 
attributes  account  for  higher  order  statistics  of  edge  at¬ 
tributes.  In  particular,  the  average  perpendicular  distance 
between  edges,  a  second  order  measure  used  by  some  (e.g., 
Kjell  and  Dyer,  1985)  are  captured  by  the  average  width 
ot  the  blobs  between  them.  Second,  blobs  provide  a  more 
^  r.cGi^tiO.i  ivji.  i  -yi Cociitiii^  tii.  sicai  events 
which  cause  intensity  changes.  A  blob  can  describe  the  ap¬ 
proximate  location,  size,  and  orientation  of  an  impression 
in  a  surface,  even  when  its  bounding  contour  (i.e.,  edges)  is 
not  well  defined. 

Interestingly,  in  the  images  which  we  have  examined, 
dark  blobs  are  useful  more  often  than  light  ones  as  textons. 
Small  impressions  in  the  surface,  such  as  spaces  between 
threads  in  a  fabric,  or  gaps  between  leaves  on  a  tree  man¬ 
ifest  themselves  as  small  dark  regions  in  the  image.  Less 
light  is  reflected  from  such  surfaces  because  of  shadows  cast 
by  objects  nearer  the  light  source,  or  because  of  the  oblique 
angle  of  these  surfaces  with  respect  to  the  viewer.  Even  sur¬ 
face  markings,  such  as  type  on  a  page,  are  more  often  than 
not  dark  on  light,  resulting  in  isolated  dark  blobs. 

If  desired,  termination  points  can  be  marked  at  loca¬ 
tions  which  are  the  endpoints  of  single  elongated  blobs, 
while  junctions  can  be  marked  where  three  or  four  blobs 
meet.  However,  it  is  not  clear  from  natural  images  that 


these  features  are  as  relevant  to  the  interpretation  of  texture 
as  some  psychophysical  experiments  might  suggest.  Even 
some  of  the  boundaries  perceived  in  the  synthetic  images 
of  Julesz  [1983]  can  be  explained  in  terms  of  the  basic  blob 
attributes  mentioned  above  Yoorhees,  1987’. 


Figure  10:  Blobs  due  to  surface  markings 


(a)  Close-up  of  of  books  on  a  wooden  table  top.  (4)  Strong  blobs 
fo"nd  at  scale  n  —  1.5  pixels. 


5  Conclusion 

We  have  shown  how  noise  can  be  robustly  estimated  in  nat¬ 
ural  images,  enabling  the  automatic  selection  of  thresholds 
for  edge  and  blob  detection.  The  method  works  for  im¬ 
ages  consisting  entirely  of  highly  textured  regions  as  well 
as  those  containing  roughly  uniform  regions. 

We  have  also  described  an  algorithm  for  detecting  in¬ 
tensity  blobs  in  images,  facilitating  the  construction  of  a 
raw  primal  sketch.  In  doing  so  we  have  answered  the  first 
question  regarding  the  texton  theory  of  vision:  How  can 
textons  extracted  from  images  of  natural  scenes? 

We  are  currently  studying  the  second  obvious  question: 
Once  textons  are  detected,  how,  exactly,  are  texture  bound¬ 
aries  identified?  Marr  [1976]  suggested  that  first  order 
statistics  of  attributes  over  regions  are  compared,  but  pro¬ 
vides  no  algorithm.  We  are  investigating  two  approaches. 

The  first  method  locates  texture  boundaries  by  using  a 
non-linear  smoothing  operator  to  compute  attributes  over 
neighborhoods  of  textons,  resulting  in  texton  attribute  ar¬ 
rays.  This  method,  which  is  somewhat  analogous  to  “preat- 
tentive”  visual  processing  (described  by  [Julesz,  1983]), 
identifies  gross  changes  in  attributes  which  give  rise  to 
clearly  perceived  texture  boundaries.  Interestingly,  these 
gross  texture  changes  correspond  to  the  type  caused  by 
physical  discontinuities.  We  are  currently  doing  experi¬ 
ments  to  determine,  for  each  attribute,  how  large  a  dif¬ 
ference  should  be  considered  significant. 

The  second  method  uses  statistical  tests  to  determine 
whether  attributes  of  textons  in  regions  on  either  side  of 
a  selected  boundary  are  from  different  populations.  This 
process,  which  may  be  analogous  to  “attentive”  processing, 
can  identify  more  subtle  differences  than  the  first  method, 
differences  which  require  scrutiny,  and  which  do  not  usually 
correspond  to  physical  discontinuities.  These  two  methods 
are  explained  in  detail  in  Voorhees  [1987]. 

It  should  be  noted  that  in  the  case  of  occlusion,  density 
of  textons  is  probably  the  most  useful  attribute.  Two  dif¬ 
ferent  surfaces  are  usually  at  different  depths,  and  hence  it 
is  unlikely  that  both  yield  textons  at  a  single  scale  of  anal¬ 
ysis.  Texture  boundaries  based  on  blob  attributes  are  more 
likely  to  occur  at  orientation  discontinuities  or  in  images 
where  the  depth  of  field  is  small. 

Future  research  will  address  the  third  question:  Once 
texture  boundaries  are  detected,  how  can  they  be  inter¬ 
preted  in  terms  of  their  physical  cause?  Riley  [1981]  of¬ 
fers  some  general  observations,  but  more  specific  rules  are 
needed.  Given  a  description  of  the  attribute  distributions 
on  either  side  of  a  boundary,  one  would  like  to  ascertain  the 
likelihood  that  the  boundary  is  due  to  occlusion,  a  change 
in  surface  orientation,  a  surface  marking,  or  a  shadow. 
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ABSTRACT 

This  paper  presents  an  algorithm  for  computing  a  depth 
map  for  a  smooth  surface  from  a  sequence  of  profile  curves. 
The  algorithm  requires  that  the  viewing  directions  he  copla- 
nar.  In  addition  formulae  are  derived  for  computing  di¬ 
rectly  the  Gauss  and  mean  curvatures  without  first  com¬ 
puting  a  depth  map.  We  have  used  the  algorithm  to  re¬ 
construct  curves  from  their  profiles  with  a  high  degree  of 
accuracy  from  synthetic,  noise-free  data. 


1.  INTRODUCTION 

We  can  tell  a  lot  about,  the  shape  of  an  object  from 
a  single  profile,  arid  with  multiple  views  we  can  often  de¬ 
termine  the  shape  uniquely.  In  this  paper  we  analyze  this 
reconstruction  process  mathematically  and  derive  an  algo¬ 
rithm  1,o  produce  a  depth  map.  For  some  applications  it 
may  not  necessary  to  produce  a  depth  map  at  all  (for  ex¬ 
ample  in  recognition  problems).  The  Gauss  and  mean  cur¬ 
vatures  may  be  sufficient  by  themselves  to  solve  this  prob¬ 
lem,  and  in  any  case  it  will  be  useful  to  decompose  surfaces 
into  patches  according  to  whether  they  are  convex,  concave, 
hyperbolic,  parabolic,  or  planar  (Iiesl  and  Jain  [l|,  Brady 
et  al.  (2),  Ferric  and  Levine  |d|).  This  gives  a  method 
for  describing  surfaces  of  objects  and  a  basis  for  matching 
with  standard  surfaces  such  as  spheres,  planes,  and  cylin¬ 
ders.  Koenderink  and  van  Doom  (7]  have  derived  a  formula 
which  could  be  used  to  compute  the  Gauss  curvature  from 
a  sequence  of  intensity  images  without  depth.  We  have 
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extended  these  results  to  produce  formulae  for  the  mean 
curvature,  principal  curvatures,  and  principal  directions. 

1  he  use  of  profiles  for  the  recognition  and  description 
of  surfaces  has  been  explored  by  many  people  (Koenderink 
and  van  Doom  |7],  Callahan  and  Weiss  [3],  Hoffman  and 
Richards|5|),  but  most  investigations  have  not  combined  in¬ 
formation  from  multiple  views,  in  general,  there  is  no  way 
to  identify  a  point  on  one  profile  with  a  corresponding  point 
on  a  profile  from  a  different  view  since  for  smooth  surfaces 
they  will  not  have  any  points  in  common.  In  fact,  most 
stereo  algorithms  which  are  based  on  correspondence  find 
the  most  similar  point  and  assume  it  is  the  same.  However, 
if  the  camera  motion  is  known,  then  there  is  ,  method  to 
identify  points  on  two  different  profiles.  In  our  work,  we 
have  restricted  the  camera  to  planar  motion,  so  that,  planes 
parallel  to  the  plane  of  motion  induce  a  correspondence 
between  the  profiles.  However,  it  is  possible  for  the  pro¬ 
file  to  change  qualitatively  between  view-  =nd  in  order  t,o 
understand  this,  we  have  analyzed  the  analogous  problem 
for  a  curve  in  the  plane.  These  transitions  create  ambigu¬ 
ities  in  the  reconstruction  process.  The  criterion  used  to 
resolve  this  ambiguity  is  that  the  most  likely  solution  is  the 
one  which  minimizes  the  change  in  depth  between  adjacent 
views. 

The  mathematical  approach  to  this  problem  is  that  a 
smooth  surface  without  inflection  points  is  the  envelope  of 
all  of  its  tangent  planes.  However,  there  are  two  problems 
with  this;  how  to  compute  the  envelope  of  a  family  of  planes 
and  how  to  handle  inflection  points.  With  the  assumption 
or  planar  camera  motion,  we  have  been  able  to  reduce  the 
envelope  of  planes  problem  to  that  of  computing  the  en¬ 
velope  of  a  family  of  lines  in  a  plane,  which  we  were  able 
to  solve.  The  problem  of  inflection  points  requires  interpo¬ 
lation  of  tlie  surface.  We  have  a  simple  approach  to  this 
which  would  work  in  most,  cases,  and  we  plan  t,o  extend 
this  to  polyhedral  surfaces  whore  every  points  is  either  an 
inflection  point  or  a  crease  point. 

In  Section  2,  we  give  the  mathematical  framework  for 
discussing  profiles.  Then  for  simplicity  in  Section  3,  we 
take  the  case  of  reconstructing  a  plane  curve,  in  Section  d, 
this  is  generalized  to  surfaces,  in  Section  5,  we  present  the 
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experimental  results  using  simulated  data. 

2.  THE  PROFILES  OF  A  SURFACE 

Let  u  be  a  unit  vector  in  3-space  R3  and  let  M  he  a 
smooth  surface  in  R3.  We  regard  u  as  defining  a  viewing 
direction.  On  the  surface  M  there  is  a  locus  of  points  p 
for  which  the  tangent  plane  contains  the  viewing  direction. 
This  locus  of  points  is  called  the  critical  set  corresponding 
to  u.  If  this  curve  is  projected  parallel  to  u  onto  the  viewing 
plane  through  the  origin  which  is  perpendic ular  to  u,  the 
image  is  called  the  profile  (Figure  1).  For  future  reference 
we  note  the  following  standard  facts  about  critical  sets  and 
profiles: 

•  The  critical  set  is  a  smooth  curve  at  p  unless  p  is  a 
parabolic  point  and  u  is  the  asymptotic  direction. 

•  The  profile  near  q  in  the  viewing  plane  arising  from  p 
on  the  critical  set  is  a  smooth  curve  unless  the  viewing 
direction  is  an  asymptotic  direction. 

•  When  the  critical  set  is  smooth  at  p ,  its  tangent  di¬ 
rection  is  parallel  to  the  viewing  plane  if  and  only  if 
the  viewing  direction  is  a  principal  direction  at  p. 

•  When  the  profile  is  smooth  at  q ,  its  tangent  at  q  is 
always  in  the  tangent  plane  to  the  surface  at  p. 

The  Gauss  curvatu.a  can  be  computed  from  the  profiles. 
Consider  a  point  p  of  the  critical  set.  The  viewing  direction 
at  p  together  with  the  normal  to  the  surface  there  determine 
a  plane,  whose  intersection  with  the  surface  is  a  smooth 
curve.  The  curvature  of  this  curve  at  p  on  the  critical  set 
is  called  the  radial  curvature.  The  projection  of  p  onto  q 
Kpi  jti  ih-  pr  >flk,  and  lh_  curvaitiri  A  th  pre+tb  at  q  « 
called  the  transverse  curvature.  Kocnderink  and  van  Doom 
|7]  showed  that  the  Gauss  curvature  is  the  product  of  the 
transverse  curvature  and  the  radial  curvature.  Brady  et  al. 

[2]  has  also  given  an  independent  proof  of  this  fact.  The 
curvature  of  the  profile  can  be  computed  directly  from  an 
image,  and  the  radial  curvature  could  he  computed  from  a 
sequence  of  images. 

3.  RECONSTRUCTING  PLANE  CURVES 

Consider  a  smooth  plane  curve  C,  which  we  usually  take 
to  be  closed,  so  that  it  is  given  by  a  parametrization  7(f) 
(X(t),Y(t))  such  that  the.  derivative  is  never  zero,  i.e.  X'(t) 
and  Y'(t)  are  never  zero  for  the  same  t.  As  shown  in  Figure 
2,  u  is  the  viewing  direction.  The  viewing  line  is  the  line 
perpendicular  to  u  through  the  origin.  The  profile  in  this 
context  is  the  set  of  points  on  the  viewing  line  for  which 
the  tangent  line  is  parallel  to  u.  The  position  of  a  profile 
point  can  be  expressed  as  w  ■  (sin  0,  cosd),  where  w  is  the 
signed  distance  from  the  origin,  O,  to  the  profile  point. 
For  example,  in  Figure  2,  there  arc  three  points  for  which 


w  >  0  and  one  f  r  which  w  <  0.  Note  t  hat  if  0  produces 
a  value  w,  then  0  n  produces  w.  Thus  we  restrict  to 
0  <  9  <  n.  The  collection  of  all  profile1  points  forms  a 
curve  in  the  plane  classically  called  the  pedal  curve  of  C 
with  respect  to  O.  If  0  changes  in  such  a.  way  that  a  pair 
of  values  of  w  is  annihilated  and  disappear,  or  a  pair  is 
created,  then  the  pedal  curve  has  a.  singular  point,  (usually 
a  cusp).  This  happens  when  u  passes  through  the  direction 
of  an  inflexional  tangent  to  C,  as  shown  in  Figure  3  In  a 
neighborhood  of  that  point,  w  cannot  be  a  smooth  function 
of  t).  In  general,  there  will  he  parts  of  C  for  which  w  is  a 
function  of  0  for  some  range  of  values  of  (l.  Suppose  C\  is 
such  a  subset  of  C,  then  the  following  proposition  states 
that  C,\  caii  be  reconstructed  from  the  function  w  1  n(0). 
Any  part  of  the  curve  which  has  no  inflexions  satisfies  this 
property.  Another  way  to  say  this  is  that  the  Gauss  map  of 
Cj  has  an  inverse,  i.e.  for  each  direction  on  the  unit  circle 
there  is  at  most  one  point  of  Cj  whose  normal  points  in 
that  direction.  Such  curves  possibly  with  singularities  have 
be*  n  studied  by  Lang.  viii,  Levitt,  ami  Hmonbcrg  |w|  are 
called  herissons  (hedgehogs) 

Proposition  1  1.  The  curve  Cj  consists  of  points 

x  u;sin  0  I  w1  cost? 
y  in  cos  0  )  w'  sin  0 

and  w'  -  dw/dO  is  the  distance  from  the  profile  point 
to  the  corresponding  point  of  Cj 
2.  The  radius  of  curvature  of  Cj  at  the  point  correspond¬ 
ing  to  0  is  w  +  111".  (Here  Cj  is  oriented  by  increasing 
9.) 

proof:  The  line  through  the  profile  point  w  ■  (sin  0, cos  0) 
paralW  c-  I  he  vfewbig  dirmioi  *  -  "  j  Irw  i.V 

equation 

( [x,  y)  -  (ui  sin  8, -w  cos  <?))  •  (sin0,  cos0)  -  0 
i.e. 

1  sin  0  -  2/cos  0  w  (1) 

The  curve  Cj  is  the  envelope  of  the  lines  obtained  by  elim¬ 
inating  0  between  equation  (1)  and  the  following  equation: 

rcosfl  t  i/sin0  w’  (2) 

This  gives  the  unique  solution  (x,y)  in  part  I  of  the  Propo¬ 
sition.  Rewriting  this  as 

(x,y)  u)(sin0,  cos  8)  I  h/(cos  fl,sin  9) 

proves  that  in'  is  the  distance.  'I'he  formula  for  the  radius 
of  curvature  for  a  curve  is  given  by: 

P  (r«-l  ynfl2l{x'y"  x"y') 

Differentiating  the  equations  in  part  I  and  substituting  into 
the  formula  for  p  gives  part  2  of  the  Proposition. 


It  is  not,  possible  for  w  -f  w"  to  be  zero  while  Cj  is 
smooth:  zero  radius  of  rurvature  is  only  possible  at  a  cusp 
of  a  curve.  On  the  other  hand  w  I  w"  ran  tend  to  infinity, 
making  the  curvature  tend  to  zero  (which  is  an  inflexion). 
But  at  an  inflexion  w  is  no  longer  a  function  of  0  so  it  is 
not  in  C\. 

Examples  of  these  two  cases  are  w  8 '1  and  t/>2  93 

respecively  (see  Figure  d).  For  the  former,  r  .'i 02  (-higher 
order  terms,  and  y  2 03+  higher  order  terms,  Thus  has 
a  cusp  and  the  pedal  curve  has  an  inflexion  at  0  0.  For  the 

latter,  x  +®#1/2- 1  higher  order  terms,  and  y  \ 

higher  order  terms.  Thus,  C\  has  an  inflexion  and  the  pedal 
curve  has  a  cusp  at  0  0. 

In  practice  if  we  start  with  a  curve  C,  and  measure  its 
profile  data,  i.e.  for  each  viewing  direction  u  (cost?, sin  0) 
for  some  range  of  values  for  8  we  obtain  the  various  values 
of  w  for  the  profile  points.  Some  values  of  0  will  give  more 
values  of  w  than  others,  unless  C  has  no  inflexions,  in  which 
case  each  value  of  0  will  have  two  values  of  w.  Starting  at 
some  value  0  0n,  we  choose  one  of  the  corresponding  val¬ 

ues  to  be  wn  and  increase  0  following  w  as  a  function  of 
8  until  an  inflexion  is  encountered.  This  is  detected  by  a 
change  in  the  number  of  tn-values.  In  fact  0n  can  be  chosen 
so  that  it  immediately  follows  after  an  inflexion.  It  turns 
out  that  one  only  needs  to  consider  the  case  when  the  num¬ 
ber  of  w- values  decreases  by  two.  The  parts  of  the  curve 
C  lying  between  inflexions  can  he  reconst  ructed  using  pari 
1  of  the  Proposition.  The  computational  problem  to  be 
solved  is  this:  having  chosen  wn  for  0  -  (?„,  what  value  cor¬ 
responds  to  On  +  60?  It  is  not,  sufficient  to  simply  choose 
the  closest  value  of  w.  Since  it  is  possible  for  the  pedal 
curve  to  have  crossings  (Sec  Figure  5),  there  is  the  dan¬ 
ger  of  starting  on  one  branch  and  switching  to  the  other. 
Note  that  we  arc  approximating  the  function  w  f(fl)  at 
discrete  points,  and  we  have  assumed  that  this  function  is 
continuous  since  C  is  smooth.  In  addition,  since  w'  is  the 
distance  from  the  viewing  line  to  the  point  of  tangency  on 
the  curve,  we  also  want  «/  to  be  continuous.  This  can  be 
viewed  as  a  constraint  on  choosing  successive  values  of  w 
such  that  w"  is  minimized. 

4.  PERSPECTIVE  PROJECTION  OF 
CURVES 

fiie.t:  is  no  essential  difference  in  ilie  inai.fiemai.ics  of  re¬ 
constructing  curves  from  profiles  obtained  from  perspective 
projection.  V've  iTCiive  tire  formulas  tiefe  for  completeness. 
Assume  that  the  curve  C  is  contained  in  a  circle  of  radius 
t  I'friccr  fifth  1  1  on  Ibt  *  writ  w  ill*  pjtmdiijs 
line  to  be  the  line  parallel  to  the  tangent  to  the  circle  at 
A  and  a  distance  d  away  from  it.  Each  tangent  line  to  C 
through  A  will  intersect  the  viewing  line  at  a  profile  point. 
(See  Figure  6)  The  profile  points  are  identified  by  their  dis- 
l4uuto  -jjp  hv  it  fit*  wigta  h! 


the  viewing  line,  which  is  the  closest  point  to  A  The  values 
of  w  for  0  and  0  f  7i  are  no  longer  directly  related. 

Proposition  2  For  regions  of  the  curve  in  which  ui  is  a 
function  of  0, 

rwd sin??  I  rw2c.osd  I  rw'd cost) 
d2  I  w2  +  du>' 

rwd  cos  0  +  rw2sin0  +  rw'dsinO 
d 2  f  in2  f  dw' 

Thus  in  this  case  also  the  parts  of  C  between  inflexions  can 
be  recovered  from  a  knowledge  of  the  function  w.  However, 
ill  Ibis  case  the  formula  for  the  curvature  is  rather  more 
complicated. 

5.  SURFACES 

We  would  like  to  reconstruct  a  surface  from  its  profiles 
in  a  way  analogous  to  the  method  used  for  curves  in  the  pre¬ 
vious  section.  The  situation  for  surfaces  differs  in  two  re¬ 
spects:  each  profile  is  a  curve  and  there  is  a  t.wo-parameter 
family  of  viewing  directions  which  as  unit  vectors  are  points 
on  the  sphere  S2.  We  seek  to  find  all  the  tangent  planes 
to  A-/,  and  for  this  purpose,  it  is  sufficient  (and  necessary) 
to  know  the  profiles  for  a  “great  circle”  of  viewing  direc¬ 
tions,  i.e.  all  directions  which  lie  in  a  plane.  Consider  the 
taTig.  nl  plain-  to  M  at //.  Tin-  unit  tangent  vectors  in  this 
piano  form  a  great  circle  on  S2,  and  this  circle  intersects 
the  great  circle  of  viewing  rliinitirum  Hcnrji  ■uru* 
line  l,o  M  at  p  is  in  the  viewing  direction  u,  so  that  p  con¬ 
tributes  a  point  q  to  the  profile  for  the  viewing  direction  u. 
Of  course,  for  opaque  surfaces  the  situation  is  complicated 
by  occlusion,  and  it  is  possible  that  for  some  points,  none 
of  the  singmar  sets  would  he  visible. 

How  do  wo  find  the  tangent  plane  to  M  at  p?  One  line 
in  that  plane  is,  of  course,  the  line  through  q  parallel  to 
«.  Another  line  is  the  tangent  line  to  the  profile  at  q  (see 
Figure  7).  If  the  profile  is  singular  at  q  then  the  tangent  line 
is  interpreted  as  a  limit  of  tangent  lines  at  nearby  smooth 
points  of  the  profile.  If  the  profile  has  a  crossing  at  q ,  then 
both  branches  will  contribute  a  tangent  plane  to  M  but  at 
dilldi  at  puiTlt.s  p  of  M  (|7),  jfij,  |!t]). 

We  shall  now  reconstruct  M  from  the  profiles  corre¬ 
sponding  to  a  circle  of  viewing  directions  (except  where  the 
tangent  plane  is  parallel  to  the  plane  of  the  circle  of  viewing 
directions).  The  calculation  which  follows  is  local  in  that 
it  assumes  a  para metrizat, ion  of  profiles  near  each  point. 

tionsider  a  family  ol  viewing  directions,  1 1  (0,  cos  8 ,  sin  8) 

and  corresponding  viewing  planes  ycosf?  I  a  sin  0  0.  Each 

v,t  vvmfe  jJciju.  will  coiilr-i.i  a  profile  of  A-?,  wt  u.se  oiihonor- 
nial  coordinates  [x,r n)  in  the  viewing  plane,  where  the  w- 
?\is  is  in  Ui*  dimtkm  0)  and  (Ire  j-axte  t9  the 

same  for  all  of  the  planes.  A  point  (x,w)  in  a  viewing  plane 
then  is  the  point. 


cos  i?)  (r,  i/i  sin  0, 


.r(  1,0,0)  +  «;((),  sin  0, 


i/'ros0)  (.'{) 


in  (x,y,z)  space.  In  practice  it  is  the  numbers  (r,w)  wliicli 
will  be  measured  from  an  image. 

In  general,  the  profile  will  be  be  a  curve  with  isolated 
cusps,  and  we  present  the  theory  for  reconstructing  the 
surface  from  smooth  points  of  profiles.  The  case  of  those 
cusp  points  is  still  under  investigation.  In  practice,  this 
should  not  be  a  problem  since  one  can  compute  the  sur¬ 
face  at  points  in  a  neighborhood  of  a  cusp  where  the  pro¬ 
file  is  smooth.  Assume  that  the  profiles  have  the  form 
w  =  w(x,0)  over  a  range  of  values  of  0  and  .r,  where  iii(j:,0) 
is  a  smooth  function.  Thus  we  assume  that,  over  some  range 
of  values  of  x  and  0  the  profiles  are  smooth  and  not  tangent, 
to  the  i/i-axis.  So  starting  wit  h  a  point  on  a  given  profile 
of  A-/,  we  choose  an  axis  of  rotation  which  is  not  parallel  to 
the  normal  to  the  profile  at  that  point.  It  is  intuitively  rea¬ 
sonable  that,  if  the  viewing  direction  remains  in  the  tangent 
plane,  no  additional  information  will  be  obtained. 

Now  consider  a  fixed  .r  and  0,  i.e.  a  fixed  point  on  a 
particular  profile  curve.  'I’lte  tangent  plane  to  A/  deter¬ 
mined  by  I, his  r,  and  0  passes  through  (.r,siu0,  in  cos  0) 
and  contains  the  directions: 

(0,  cos  0, sin  0)  (the  viewing  direction) 

( l,  u/r  sin  0,  i/i„cos0)  (tangent  to  the  profile) 
where  wT  -  dw/dx.  The  equation  of  the  plane  is  there¬ 
fore 


uiz X  sin  0 V  |  cos  OZ  xwT  w  (-1) 

where  we  temporarily  use  (X,Y,Z)  as  current  coordinates 
in  R3  to  avoid  the  double  use  of  x. 

Remark:  If  the  profiles  are  parametrized  as  r  .r(/,0), 
w  --  «/((.,  0)  for  some  parameter  I,  then  the  tangent  plane 
is 

wtX  xt  sin  OY  +  x,  cos  OZ  xw,  xfw  (5) 

The  surface  M  is  the  envelope  of  all  the  tangent  planes 

described  by  (d),  that  is  we  obtain  the  point  (X,Y,Z)  of 
M  corresponding  to  (x,0)  by  eliminating  .r  and  0  between 
(d)  and  its  derivatives  with  respect  to  ,r  and  0,  viz. 

3/dx  :  wTTX  xwTr  (0) 

8/ 30  :  wxpX  cos  OY  sin  OZ  .rii’rii  wp  (7) 

This  amounts  to  finding  the  intersection  of  three  tangent 
planes  given  by  (x,0),  (.r  |-  A.r,0),  and  (,r,0  I  fiO).  The 
tulojwlkw  of  t hese  thm-  pin  tie*  will  approach  the  pom* 
on  M  in  the  limit  as  fix  and  fiO  go  lo  zero.  This  runs 
into  problems  when  one  or  the  other  direction  produces  a 
StatiOnai^  tang*  lit  plane.  Ac  "cording  to  equation  (ft),  A  ,f 
(the  line  through  a  profile  point  in  a  viewing  direction  is 
always  in  a  plane  X  a  constant),  but  (fi)  also  indicates 
that  if  the  profile  has  nil  inflexion  (wIT  0),  then  there 
will  he  problems  distinguishing  one  tangent  plane  to  M 
from  the  “next”.  'Phis  is  similar  to  I  he  case  for  curves  in 


which  I  lie  envelope  of  langenl  lines  lo  a  plane  curve  with 
an  inflexion  contains  i  ne  whole  inllexional  tangent  line.  In 
fad  (1).  ((i),  and  (7)  determine  a  unique  point  (X.Y./,)  if 
and  only  if  wlr  /  0.  namely  the  point 

/(.r.0)  (.r,/rsin0  I  likens  0,  irros0  !  ie,i.siu0)  '  A/  (8) 

Note  that,  w/>  is  the  distance  from  a  profile  point  to  the 
corresponding  point  on  A/. 

Remark  In  the  general  case  win  re  i r  is  not  always  a  function 
of  .r,  we  can  parametrize  I  lie  family  of  profile  curves  as 
follows: 

,r  .7'  ( / .  0 ) 

in  i  i'(l.O) 

In  lilis  case,  except  where  .r,  is  zero,  equation  (8)  becomes 

/  XpU'i  |  XiW,i\ 

f[t,0)  (.T,!/'sin0,  in  cos0)l  (  )  (0.  cos  0,  sin 

V  r,  / 

(») 

and  (  .7 >ie,  I  .r,i/i,>) j  .r,  is  I  lie  distance  from  a  profile  point. 

10  a  point  on  A/. 

The  formula  (8)  tells  its  how  to  reconstruct  A/  from  its 
profile  data,  as  long  as  w  can  lie  expressed  as  a  function 
of  x  and  0.  The  condition  for  /  to  give  a  smooth  piece  of 
surface  (i.e.  t he  condition  that  I  In-  differential  of  /  lias  rank 
2)  is  i/i  I  u’/ip  /  0;  note  that  this  also  arose  in  the  case  of 
curves  above. 

On  M  at  any  point  /(:r,0),  we  have  coordinate  direc¬ 
tions  corresponding  to: 

0f/3.r  f7  (l,iersiu0  I  ter^co.s0,  nq.  cos  0  I  ieT(i  sill  0) 

when'  fj  is  in  the  direction  of  I  lu'  critical  set  and  /, i  is  in 
the  viewing  direction  so  they  are  not  in  general  orthogo¬ 
nal.  Nevertheless,  they  are  conjugate  with  respect  to  the 
second  fundamental  form  (see  figure  8).  Note  that  fT 
and  fp  will  not  coincide  at.  a  smooth  point  of  the  pro¬ 
file.  (ieomel.rically,  this  means  that  with  respect  to  the 
ellipse  determined  by  this  quadratic  form,  each  direction 
is  tangent  lo  the  ellipse  at  the  point  of  intersection  by  the 
axis  determined  by  the  other.  Algebraically,  the  matrix 
associated  with  the  second  fundamental  form  is  diagonal 
with  respect  to  the  basis  of  I  hose  two  directions  and  (using 

11  (  ter,sin0,  cos0)/(l  I  t/A’)1  •  as  the  unit  normal  to 
M)  can  be  written  as: 


Thus,  it.  is  possible  to  derive  sittmle  formulae  the  (hmssian 
and  mean  curvatures  of  A/  in  terms  of  the  profile  data  tr. 
As  noted  above,  the  consequent  fotnml.i  "or  the  (hmssian 
j-ilJ'kelctti'  »»  tlu- yUuiUUl  tbj' i  ini-id  rii'. '.I  i.  ■  .  ii|i|  LUp 
transverse  curvature,  Kp,  was  known. but  the  mean  curva¬ 
ture  cannot  he  expressed  in  terms  of  only  these  two. 


6.  RELATIONSHIP  BETWEEN  SECTIONAL 
CURVATURES  AND  THE  SURFACE 
CURVATURES 


There  are  three  curvatures  which  enter  into  the  equa¬ 
tions  for  the  surface  curvatures. 

kc  is  the  curvature  of  the  profile  or  the  radial  curvature. 
Its  formula  is 

k-c  -  "WO  +  "W/2 

kx  is  the  sectional  curvature  of  M  in  the  fT  direction 
(the  direction  of  the  tangent  to  the  critical  set).  We  find 
(see  below)  that 

=  ’"rz/l(  I  f  W/20  I  wl  I'  W)  1 

Kd  is  the  sectional  curvature  of  M  in  the  ft  direction, 
which  is  the  viewing  direction  v  when  w  f  >  0  and  -u 
when  w  +  wgg  <  0.  This  is  also  known  as  the  transverse 
curvature.  We  find  (sec  below)  that 

Kt  =  —  1  /[( 1  +  W/2(tU  +  "'(">)] 

Proposition  3  1.  The  Gauss  curvature  K  and  the  mean 

curvature  II  of  M  at  f(x,0)  are  given  by 

x  =  -«WI0  -i  W2(";  +  kck« 

« ='"■■('" +, 

2(w  I  u/ft)  2  V  Kjl 

2.  u>T0  —  0  if  and  only  if  the  mewing  direction  is  a  princi¬ 
pal  direction  on  M  at  the  corresponding  point.  In  this 
case  fz  and  fe  are  the  principal  directions,  k.c  -  kz, 
and  H  =  ^(kc  +  Kg). 

proof:  The  computation  of  the  Gauss  and  mean  curvatures 
from  a  local  parametrization  /  of  M  can  be  found  in  O’Neill 
[8],  We  can  obtain  fx  and  /#  from  equation  (8)  and  compute 
the  first  fundamental  form  as 

1  +  wl  +  w]e  wzf(w  Wfld)  \ 

I vtf(w  +  W0t)  (to -| -  Wfo)  ) 

This  together  with  the  second  fundamental  form  given  above 
allows  us  to  compute  the  surface  curvatures.  Thus  K  and 
II  can  be  expressed  in  terms  of  the  curvatures  /c„k„K( : 

The  shape  operator,  which  is  the  derivative  of  the  Gauss 
mapping,  referred  to  the  basis  fT,fe  is: 

1  /  Wzz(w  |  Wfif)  uitzwt0  \ 

(1  +  io2)(ui  -I-  w,„)  \  Wzt{w  I  W00)  (1  I  w]  I-  to2*)  ) 

The  principal  directions  are  the  eigenvectors  of  this  ma¬ 
trix.  One  can  see  that,  given  the  assumption  that  w  +  Weg 
is  nonztiu,  the  lliatlix  is  diagonal  if  and  tndy  if  wzg  0. 
The  principal  curvatures  are  the  eigenvalues,  and  the  Gauss 
rrvrwatviFr  Is  Uw  twjdfl'ct  ui  If  in  Llw  fmnu 


cnrvaiure  is  their  sum.  Thus,  when  the  matrix  is  diagonal, 
fx  and  fg  are  the  principal  directions  and  they  are  orthog¬ 
onal. 

When  the  profile  has  a  cusp,  the  curvatures  K  and  II 
will  be  tbe  limits  of  the  values  of  the  formulae  at  corre¬ 
sponding  smooth  points  near  it.  However,  K  for  example 
cannot  be  expressed  as  kcKq,  since  kc  is  infinite  and  Kg  is 
zero.  Finding  a  formula  to  replace  this  is  a  goal  of  current 
inver  i,igation. 

7.  EXPERIMENTAL  RESULTS 

In  order  to  determine  the  potential  accuracy  of  the  algo¬ 
rithm  for  reconstructing  curves,  several  experiments  were 
performed.  Synthetic  data  was  used  to  generate  profile 
points  for  the  various  values  of  0.  Figure  8.  shows  a  picture 
of  a  curve  with  two  inflexions  and  the  pieces  of  the  curve 
which  arc  reconstructed  from  the  data. 

In  principle,  one  could  start  with  the  profile  data  and 
trace  the  curve  from  start  to  finish,  reversing  direction  at 
inflexion  points,  always  choosing  the  v  'ue  of  w  which  mini¬ 
mizes  w".  However,  there  is  no  sure  test  on  the  values  for  w 
which  will  guarantee  that  a  point  is  ait  inflexion  point.  It  is 
possible  to  find  all  of  the  tangent  directions  for  the  inflexion 
points,  which  can  be  called  flex  directions.  These  a.re  the 
directions  at  which  the  number  of  tangent  lines  changes. 
We  use  these  flex  directions  to  break  up  the  profile  data 
into  heurisson  segments  for  which  m  is  a  function  of  the 
viewing  direction.  The  current  algorithm  constructs  arcs 
corresponding  to  the  heurisson  segments  between  inflexion 
points. 

As  a  practical  point,  one  can  choose  the  place  to  start 
drawing  the  curve  to  be  any  ui  value  after  a  flex  direc¬ 
tion.  Once  the  pieces  of  the  curve  between  the  inflexions 
are  drawn,  they  can  be  linked  together  with  straight  lines 
based  on  proximity  of  endpoints  (assuming  one  has  started 
with  a  closed  curve.  In  theory  one  would  like  to  minimize 
the  integral  of  the  absolute  value  of  w".  In  the  current  al¬ 
gorithm  we  only  apply  this  criterion  locally  to  choose  the 
values  of  w  sequentially.  It  may  be  necessary  to  apply  stan¬ 
dard  relaxation  techniques  when  dealing  with  real  data. 

The  algorithm  can  be  extended  easily  to  surfaces,  and 
we  intend  to  apply  this  to  the  problem  of  model  acquisit  ion 
from  physical  prototypes. 

8.  CONCLUSION 

We  have  given  a  procedure  for  reconstructing  surfaces 
from  a  sequence  of  profiles.  In  addition  we  have  given  a 
formula  for  mean  curvature  in  terms  of  the  profile  data 
which  extends  the  similar  result  for  the  Gauss  curvature. 

I  his  makes  ii  possible  to  compute  troth  of  t.tiese  curvatures 
without  first  computing  a  dense  depth  map.  We  have  used 
tiiF  filhi.i  on  synthetic,  fioisc-fi ri  data  To  reconstruct 
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curves  with  a  high  degree  of  accuracy,  and  we  plan  to  test 
it  on  real  data, 
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Figure  1:  The  critical  set  and  proflle  of  the  projection  of  M 
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Figure  2.  The  profile  of  a  plane  curve  is  a  set  of  points  on  the  viewing  line 


Figure  4:  Examples  of  pedal  curves  for  a  cusp  and  an  inflexion 
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Figure  5:  A  point  where  the  pedal 
curve  crosses  itself 


Figure  6:  The  viewing  line  for  perspec- 
ti>  j  projection 


Figure  7:  The  tangent  plane  at  p  contains  the  viewing  direction 
and  a  vector  parallel  to  the  tangent  to  the  profile  curve 


direction  of  minimum  sectional  curvature 


Figure  8:  The  viewing  direction  and  the  tangent  to  the  critical  set 
are  conjugate 


Figure  9:  a.  A  drawing  of  the  limacon  from  initial  data.  b.  The 
reconstruction  of  the  limacon. 


USING  OCCLUDING  CONTOURS  FOR  OBJECT  RECOGNITION 


Willie  Lim 

Massachusetts  Institute  of  Technology 
Artificial  Intelligence  Laboratory 
Cambridge,  MA  02139 


Abstract 

This  paper  describes  an  algorithm,  in  the  area  of  sym¬ 
bolic  high  level  vision,  that  is  implemented  on  the  Con¬ 
nection  Machine.  The  domain  chosen  is  the  rocks  world 
where  objects  are  rocks  or  mountains.  These  objects  are 
represented  using  qualitative  surface  models.  The  algo¬ 
rithm  takes  a  library  of  such  models  and  loads  them  all  into 
the  Connection  Machine.  Candidate  images  are  processed 
to  extract  occluding  contours  which  are  then  matched  in 
parallel  to  all  the  library  models.  The  algorithm  produces 
all  the  views  of  the  models  that  match  the  occluding  con¬ 
tours. 

1  Introduction 

In  the  rocks  world,  objects  are  hard  to  describe  using  quan¬ 
titative  surface  models.  For  this  reason,  a  qualitative  model 
is  used.  In  this  model  an  object  is  partitioned  into  sur¬ 
face  patches.  Each  surface  patch  is  qualitatively  typed  ac¬ 
cording  to  its  surface  shape  e.g.  flat  or  doubly  convex.  A 
graph  is  constructed  with  the  nodes  representing  the  sur¬ 
face  patches  and  arcs  representing  the  neighborhood  rela¬ 
tionships  between  the  patches.  The  arrangement  of  surface 
patches  vary  from  object  to  object  in  an  unpredictable  way. 
Thus  it  is  very  unlikely  that  two  rocks  will  have  an  identical 
arrangement  of  surface  patches.  This  is  unlike  man-made 
objects  where  objects  can  be  made  to  have  identical  shapes. 
It  is  the  unpredictable  nature  of  such  surface  properties  in 
the  rocks  world  that  enables  the  physical  constraints  im¬ 
posed.  by  these  qualitatively  described  surface  patches  to 
be  effective  for  shape  recognition. 

This  paper  describes  how  a  convex  object  in  the  rocks 
world  ran  be  recognized  using  its  occluding  contour  derived 
from  an  image  of  the  object.  The  emphasis  here  is  illus¬ 
trating  how  the  Connection  Machine  [3]  can  be  used  for 
object  recognition,  and  in  particular,  in  shape  recognition 
in  the  rocks  world.  A  survey  of  Connection  Machine  algo¬ 
rithms  for  other  applications  is  given  in  [4j.  The  algorithm 
presented  in  this  paper  is  implemented  in  ‘LISP  Ij. 


The  paper  is  organized  as  follows.  The  various  terms 
used  in  the  paper  are  defined  in  Section  2.  Several  con¬ 
straints  are  used  in  the  algorithm.  They  are  discussed  in 
Section  3.  Section  4  describes  the  algorithm  and  the  con¬ 
clusion  of  the  paper  is  given  in  Section  5. 


2  Occluding  Contours  of  Rocks 

The  surface  of  a  rock  is  partitioned  into  surface  patches, 
each  of  which  is  assigned  a  surface  type  that  qualitatively 
describes  the  overall  shape  of  the  surface  patch.  For  ex¬ 
ample  a  surface  patch  that  appears  flat  will  be  typed  as 
flat.  Such  characterization  of  surface  patches  are  relative 
to  the  neighboring  surface  patches.  Hence  it  is  possible  for 
a  curved  surface  patch  on  one  rock  to  be  classified  as  flat 
on  another  rock.  The  matching  algorithm  presented  in  this 
paper  exploits  the  constraints  imposed  on  each  other  by 
these  surface  patches. 

Using  the  surface  patches,  a  rock  is  modeled  as  a  graph 
termed  a  model  graph.  Each  node  in  the  model  graph  cor¬ 
responds  to  a  surface  patch  and  each  arc  represents  the 
adjacency  (i.e.  neighborhood)  relationships  of  the  surface 
patches.  The  recognition  task  starts  with  an  occluding  con¬ 
tour  i.e.  a  closed  curve  that  marks  the  discontinuity  in 
depth  between  the  object  and  the  background  [6],  The 
occluding  contour  is  partitioned  into  ■  gments  which  are 
assigned  types  called  contour  types  e.g.  straight  or  (dou¬ 
bly)  curved.  For  exposition  in  this  paper,  the  number 
of  surface  types  is  limited  to  two — flat  or  curved.  Simi¬ 
larly  the  number  of  contour  types  is  limited  to  two.  In 
practice  the  number  of  surface  types  can  be  increased  to 
six  doubly  curved  convex,  doubly  curved  concave,  sad¬ 
dle  shaped,  singly  curved  convex,  singly  curved  concave, 
and  flat.  The  number  of  contour  types  can  be  increased  to 
three  convex,  concave  and  straight. 

The  sequence  of  symbols  representing  the  contour 
types  of  an  occluding  contour  traversed  in  a  given  direction 
is  termed  a  contour  string.  For  a  surface  patch  to  match  a 
symbol  of  the  contour  string,  the  surface  patch  must  have  a 
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(b)  Occluding  contour  for  end  view  (c)  Matching  nodes  for  end  view 


Since  an  occluding  contour  is  a  closed  curve,  the  string 
of  nodes  that  matches  the  contour  string  must  form  a  cycle. 
Such  a  string  -.f  nodes  is  termed  a  node  string.  It  partitions 
the  model  graph  into  two  halves  which  correspond  to  the 
two  complementary  “front”  and  “bark”  views  of  the  object 
that  produce  the  same  occluding  contour.  To  distinguish 
between  the  two  views,  further  information  about  the  in¬ 
terna]  structure  of  the  object  has  to  be  derived  from  the 
image.  Such  information  might  be  the  number  and  types 
of  the  surface  patches  inside  the  occluding  contour. 

Throughout  this  paper,  the  example  shown  in  Figure 
1  is  used  for  illustrating  how  the  algorithm  works.  Figure 
1(a)  shows  the  model  graph  for  a  convex  object  with  six 
faces,  three  of  which  are  curved.  An  example  of  such  an 
object  is  a  rectangular  block  (e.g.  a  generalized  cone  2 
with  a  square  cross-section  and  a  straight  spine)  with  t.wo 
of  its  ends  (surface  normals  parallel  to  the  axis  or  direc¬ 
tion  of  sweep)  and  one  side  (surface  normal  perpendicu¬ 
lar  to  the  axis)  curved  instead  of  flat..  The  curved  side  is 
also  adjacent  to  the  bottom  (and  top)  side  of  the  object. 
Suppose  that  a  view  of  the  object  produces  the  occluding 
contour  shown  in  Figure  1(b).  One  of  the  contour  string 
representing  the  contour  would  be  the  string  of  contour 
types— (curved,  straight ,  straight ,  straight).  Other  possi¬ 
bilities  are  rotations  and  reversals  of  this  string.  The  oc¬ 
cluding  contour  corresponds  to  viewing  the  object,  from 
a  point  along  its  axis,  at  a  sufficient  distance  away  from 
the  object.  The  matching  nodes  (and  arcs)  are  shown  in 
dark  lines  in  Figure  1(c).  Another  occluding  contour  is 
given  in  Figure  1(d).  The  contour  string  for  this  view  is 
(straight,  curved,  curved,  curved) .  It  corresponds  to  view¬ 
ing  the  object  from  the  top  or  bottom.  Figure  1(e)  shows 
the  matching  nodes  (also  in  dark  lines). 


(d)  Occluding  contour  for  top  view 


(e)  Matching  nodes  for  top  view 


3  The  Constraints 


Figure  1:  An  example. 


surface  type  that  is  consistent  with  the  contour  type  repre¬ 
sented  by  the  symbol.  Thus  if  the  segment  of  the  occluding 
contour  is  straight,  it  can  only  match  a  flat  surface  patch  in 
the  world  where  surface  types  are  restricted  to  be  doubly 
curved  or  flat.  This  has  to  be  true  as  each  occluding  con¬ 
tour  segment  is  due  to  a  surface  patch  that  grazes  the  line 
of  sight.  Thus  if  the  occluding  contour  segment  is  curved, 
the  surface  must  be  curved.  Furthermore  surface  patches 
matching  adjacent  symbols  in  the  contour  string  must  also 
be  adjacent  in  the  model  graph. 


The  algorithm  generates  all  possible  matches  for  a  given 
contour  string  i.e.  all  possible  node  strings  (and  hence 
views).  As  the  algorithm  progresses  the  number  of  pos¬ 
sibilities  is  reduced  by  applying  five  constraints. 

The  first  of  these  constraints  is  the  type  consistency 
constraint',  the  contour  type  of  the  contour  segment  being 
matched  must  be  consistent  with  the  surface  type  of  the 
surface  patch.  This  means  that  a  fiat  contour  segment  can 
only  match  a  flat  surface  and  a  curved  segment  a  curved 
surface. 

The  second  constraint  is  the  adjacency  constraint:  if 
•a  node  matches  the  position,  i,  where  0  <  i  <  L  -  1  and 
L  is  the  length  of  the  contour  string,  it  must  be  adjacent 
to  nodes  whose  types  are  consistent  with  the  contour  types 
at  positions  (i  -  l)  mod  L  and  (i  +  1)  mod  L.  In  other 
words  the  adjacency  constraint  involves  the  application  of 


the  type  consistency  constraint  to  the  node  and  two  of  its 
neighbors  given  that  the  node  is  at  position  i.  Thus  if  the 
node  x  matches  position  i  and  its  neighboring  nodes,  w 
and  y.  match  positions  ((  ])  mod  L  and  (/'  +  1)  mod  L, 

respectively,  then  wry  is  a  possible  substring  of  the  node 
s-tTmg.  TWs th*  *jpe*t,n«fel{n.ey  t^itstiwt 
are  applied  at  the  initialization  phase  of  the  algorithm. 

It  is  assumed  that  surface  patches  are  not  s..  hr  go  a* 
to  cover  the  object  from  one  side  to  the  other.  This  means 
tiiat  a  third  constraint  be  used.  This  is  the  uniqueness 
const  rui  Hi. .  nodes  in  The  node  siring  must  be  unique.  Tl  li.s 
means  that  as  the  node  string  is  being  built,  the  nodes 
being  added  must  be  new  ones. 

Since  an  occluding  contour  is  a  closed  curve,  there  is 
a  fourth  constraint  called  the  wrap  around  constraint:  the 
first  and  last  nodes  in  the  node  string  must  be  adjacent. 
This  constraint  is  used  at  the  end  of  the  algorithm  for  elim¬ 
inating  illegal  node  strings. 

The  fifth  constraint  is  the  two-neighbor  constraint:  if 
the  length  of  the  contour  string  is  greater  than  3,  each 
node  in  the  node  string  cannot  be  adjacent  to  more  than 
two  other  nodes  in  the  string.  Applying  this  constraint  is 
easy.  Just  make  sure  that  the  node  at  position  i  does  not 
have  more  than  two  neighbors  in  the  node  string.  This 
constraint  limits  the  number  of  views  that  can  be  han¬ 
dled  by  the  matcher.  For  example  if  four  surface  patches 
meet  at  a  corner  such  that  when  the  object  is  viewed  from 
« Ik.**  4  *  wrrwt ,  llwy  pfodwe# 

tour,  all  the  nodes  in  the  corresponding  node  string  (with 
L  4)  will  be  adjacent  to  the  rest  of  the  nodes  in  the 
string.  If  it  is  known  that  there  is  a  corner  inside  the  oc¬ 
cluding  contour,  this  constraint  can  be  ignored.  With  this 
in  mind,  a  more  comprehensive  version  of  the  constraint 
is  being  developed  to  overcome  this  limitation.  Informa¬ 
tion  about  the  internal  structure  of  the  rock  will  have  to 
be  used.  For  example  if  the  number  and  types  of  internal 
surface  patches  are  known,  the  type  consistency,  adjacency, 
and  uniqueness  constraints  can  be  applied  tc  the  nodes  rep¬ 
resenting  these  surface  patches.  Quantitative  information 
relevant  to  relative  surface  areas  and  orientations  can  also 
be  used  to  further  reduce  the  number  of  possibilities.  Such 
information  will  bo  useful,  for  example,  for  inferring  when 
mrf’if*  cv-i.  Iww  inch1  inc  hi*  ’brr  •  r-j-l  lumen  r  m,i  f«> 
in  the  same  node  string.  Information  about  surface,  areas 
will  also  be  useful  in  determining  when  the  uniqueness  con¬ 
straint  can  be  applied. 

4  Matching  a  Model  to  an  Occlud¬ 
ing  Contour 

Model  graphs  are  stored  on  the  Connection  Machine  by 
aoT.s.i'.i.g  u  i.odJrr  w  pioLUJo*  ftuilmxrtftft  '  irattlrl 


graph  are  uniquely  numbered.  Each  processor  contains  a 
table  mapping  node  numbers  to  processor  addresses.  The 
-  list  of  neighboring  nodes  and  their  surface  types  are  also 
stored  in  each  processor  as  a  list  of  pairs  of  node  number 
and  surface  type. 

the  algorithm  starts  by  Droaacasnng  tne  contour 
string  to  all  processors  in  the  Connection  Machine.  Each 
processor  then  goes  through  an  initialization  step  which 
involves  finding  the  positions  in  the  contour  string  that 
the  processor  can  map  to.  The  corresponding  initial  sub- 
i1  uulvii  g  r 'ri»  ■  jcIh  s  <1  tjf  iu  twighbwB  •'■■ro  'l*w 
computed.  Then  the  adjacency  and  uniqueness  constraints 
are  applied  as  shown  below.  Note  the  constraints  are  ap¬ 
plied  by  calling  functions  that  return  booleans  and  con¬ 
catenations  are  denoted  by  the  symbol  o.  After  initializa¬ 
tion,  every  processors  will  have  list,  of  pairs  of  values  i.e. 
{position,  substring).  The  substring  component  of  these 
pairs  is  n;  dated  until  the  complete  node  strings  are  ob¬ 
tained. 

foroach  processor  p 
foroach  position  i  in  the  contour  string 

if 

type-consislency-constraint(contour-type(!)rsurface-ti  pe(/i)) 

then 

forall  neighbors  x,  y  of  p 

if  adjacency-constraint  (contour-t,ype((i  l)  mod  L ), 
surface-type(r), 
contour-type^!  +  1)  mod  L), 
surfare-type(y)) 

and  umqueness-consirainU x,  p,  y) 
then  collect  (i,  x  o  p  o  y) 

in  list-of-legal-substrings-for-node-string 

endif 

endforall 

endif 

endforeacli 

endforeacli 

In  the  rest  of  the  matching  algorithm  the  sub¬ 
strings  are  lengthened  by  “distance-doubling”  or  “pointer- 
jumping”  |S ,i  .  1'hal  is,  the  substrings  are  lengthened  by 
concatenating  longer  and  longer  substrings  which  are  ob¬ 
tained  by  communicating  with  processors  that  are  further 
and  further  away.  The  length  of  these  substrings  and  the 
1  iul ' nr e  'v' *m  i  ;j|vrn«Krs  I'lvthWl  *r  ruii'i  iirr  liifn  Ti  1 
substring  currently  being  computed  in  a  processor  is  di¬ 
vided  into  three  parts  left,  center  and  right.  In  the  rest 
of  this  paper,  this  trtpk  vf  tmbstmgs  is  represented  tts 
(left .center,  right). 

Figure  2  illustrates  the  rase  for  17  linearly  linked  nodes 
(i.e.  each  node  is  adjacent  to  its  immediate  neighbors). 
Consider  the  node  i  in  the  middle  of  the  column  of  nodes. 
At  initialization,  its  left,  center  and  right  substrings  are 
h,  i  and  j,  respectively.  Similarly  nodes  h  and  j  have  the 
wbeiffc  ‘gs  r]  and  mperfively  ?!w  ■  .ulwn  ;,tgr 


are  marked  next  to  'dark  dots.  The  fines  marks  the  leftmost 
and  rightmost  nodes  of  the  left  and  right  substrings,  respec¬ 
tively,  at  the  end  of  each  iteration.  Dot  0  represents  the 
state  of  the  substrings  for  node  i  just  after  initialization. 
At  the  first  iteration,  each  node  sends  to  the  rightmost, 
(leftmost)  nocie  of  its  right  (left)  substrings  its  current  left 
(right)  substrings.  That  is,  node  h  sends  its  left  substring 
g  and  node  j  its  right  substring  k  to  node  i.  Node  i  up¬ 
dates  its  left  and  right  strings  to  gli  and  jk,  respectively, 
by  concatenating  the  substring  it,  receives  from  the  right 
(left)  node  to  its  current  right  (left)  substring.  This  is  in¬ 
dicated  in  Figure  2  by  dot  1  (to  the  right  of  dot  0).  At 
the  same  time,  node  g  has  the  substrings  ( ef,g,hi )  (the 


dark  dot  vertically  above  dot  1)  by  receiving  substrings 
from  nodes  e  and  i.  Similarly,  node  k  has  the  substrings 
(i],k,lm)  (the  dark  dot  vertically  below  dot  1)  using  infor¬ 
mation  sent  to  it  by  nodes  i  and  m.  At  the  second  iteration, 
node  i  receives  information  from  nodes  g  and  k  resulting  in 
the  new  substrings  ( efnh,i,jklm )  (see  dot  2).  Meanwhile 
nodes  e  and  m  update  their  substrings  to  (abed,  e,  fghi )  and 
(tjkl,m,  nopq),  respectively.  At  the  third  iteration,  nodes 
e  and  m  communicate  with  node  i  causing  it  to  update  its 
substrings  to  (abode f gh,i,jklmnopq)  (see  dot  3).  It  can  be 
seen  that  the  lengths  of  the  left  and  right  substrings  dou¬ 
ble  at  each  iteration.  The  process  terminates  after  0(log  L) 
steps. 


For  the  general  case,  each  node  can  exchange  infor¬ 
mation  with  more  than  a  pair  of  nodes.  This  is  because  a 
node  can  be  on  more  than  one  chain  of  nodes.  The  exact 
number  of  nodes  involved  can  be  as  high  as  the  degree  of 
the  node  in  the  model  graph.  Additional  information  has 
to  be  exchanged  to  indicate  which  left  or  right  substrings 
should  be  updated  since  a  node  can  exchange  information 
with  another  node  multiple  times.  Moreover,  the  unique¬ 
ness  and  two-neighbor  constraints  are  continuously  applied 
to  the  new  left,  center  and  right  substrings.  Substrings  that 
do  not  satisfy  this  constraint  are  rejected. 

As  an  illustration  of  the  more  general  case,  consider 
the  example  shown  in  Figure  1(b).  The  initial  left  and  right 
substrings  obtained  for  the  various  matching  positions  are 
shown  in  Table  1  (and  Table  2  for  Figure  1(c)).  The  center 
substring  (not  shown  in  the  third  column  of  the  Table)  is 
the  node  itself.  Node  a  (same  for  node  d)  matches  position 
1  (and  3).  For  that  position,  one  of  the  initial  substrings 
are  (b, a,  e). 


Nodes 

Positions 

Substrings  (left, right) 

a,  d 

1 

(b,  e),  (c,e),  (/,  e) 

3 

(e,6),(e,c),(e,/) 

b 

0 

( a,d ),  (d,  a) 

C,f 

0 

(a,d),(a,e),(d,a),(d,e),(e,a),(e,d) 

e 

1 

(c,a),(c,d),(f,  a),(f,d) 

2 

(a,d),(d,a) 

3 

(a,c),  (d,  /),  (c£,  c), 

Table  1:  Initial  positions  and  substrings  for  an  end  view. 


Consider  what  happens  in  node  b  at  the  first  iteration. 
It  exchanges  information  with  nodes  a  and  d.  From  node 
a  it  is  supposed  to  insert  the  left  substring  e  with  a  at 
position  3  (i.e.  with  e  to  be  placed  at  position  2)  and  the 
right  substring  e  at  position  2  with  a  at  position  1.  This 
produces  the  substrings  (ca,b,d)  and  (d,b,ae)  with  node  b 
at  position  0.  With  the  information  obtained  from  node  d, 
the  result  is  the  same.  Note  that  redundant  substrings  are 
removed.  Since  L  =  4,  the  iteration  stops.  It  turns  out 
that  the  node  strings  generated — bdea  and  baed  match 
the  contour  string.  These  are  also  the  node  strings  foi 
nodes  6,  d  and  e. 

A  more  interesting  example  is  node  c  (or  /).  This 
node  communicates  with  three  other  nodes:  a,  d ,  and  e. 
Using  information  from  a,  it  gets  the  substrings:  (d,c,ae), 
(ea,c,d),  (ea,c,e),  (e,c,ae).  The  first  two  substrings  are 
eliminated  by  the  two-neighbor  constraint  since  the  nodes 
a,  d,  and  e  are  all  neighbors  of  c.  The  last  two  substrings 
are  eliminated  by  the  uniqueness  constraint.  Similarly  the 
substrings  (a,  c,de),  ( ed,c,a ),  (ed,c,e),  ( e,c,de )  obtained 
through  communication  with  node  d  are  eliminated.  Com¬ 
munication  with  node  e  produces  the  substrings  (a,  c,  ea), 
(d,c,ea),  (ae,c,a),  (ae,c,d),  (a,c,cd),  (d,c,cd),  (de,c,a), 


Nodes 

Positions 

Substrings  (left, right) 

a,  d 

0 

(b,c),(b,f),(c,b),(c,f),(f,b),(f,c) 

b 

1 

(a,c),(a,f),(d,c),(d,f) 

2 

(c, /),(/,  c) 

3 

(c,a),(c.,d),(f,a),  (f,d) 

cJ 

I 

(a,b),(d,b),(e,b) 

3 

(b,a),(b,d),(b,e) 

e 

0 

(c, /),(/.<-') 

Table  2:  Initial  positions  and  substrings  for  a  top  view. 


and  (de,c,d)  all  of  which  are  eliminated  by  the'  uniqueness 
and  two-neighbor  constraints.  Thus  node  c  (and  /)  cannot 
be  in  the  node  string. 

For  the  top  view  example,  the  node  strings  are  ecbf 
and  efbc.  The  nodes  which  computed  these  strings  are 
nodes  b,  c,  e,  and  /.  Nodes  a  and  d  produce  no  node 
strings. 

After  the  node  strings  are  found,  they  are  sent  to  the 
host  making  sure  that  at  only  one  processor  per  model 
graph  communicates  with  the  host.  Each  processor  that 
has  a  node  string  checks  to  see  if  its  own  node  number 
is  the  smallest  in  the  node  string.  If  so  then  it  sends  its 
node  sti  ‘ngs  to  a  designated  processor  in  its  group  (i.e.  the 
processors  that  implement  the  model  graph).  J  his  proces¬ 
sor  might  be  designated  by  simply  having  the  lowest  node 
number  or  processor  address  among  the  group  of  nodes  or 
processors  implementing  the  model  graph.  After  collect¬ 
ing  all  these  node  strings,  the  designated  processor  sets  a 
flag  to  indicate  that  it  has  at  least  one  node  string.  This 
flag  is  then  used  to  select  the  processors  for  accessing  their 
node  strings.  Knowing  the  selected  processors  and  their 
node  strings,  the  host  can  determine  which  model  and  view 
match  the  contour  string. 

In  estimating  the  time  complexity  of  the  algorithm,  it 
is  useful  to  note  that  the  time  it  takes  to  exchange  messages 
is  the  most  important.  If  one  assumes  that  this  is  to  be  true 
and  that  at  any  iteration,  information  can  be  exchanged 
with  at  most  N  nodes  where  N  is  the  maximum  number 
of  nodes  in  a  model  graph,  the  algorithm  takes  0(N  log  L) 
information  exchanges. 

5  Conclusion 

This  paper  shows  how  a  parallel  matcher  for  shape  recogni¬ 
tion  in  the  rocks  world  can  be  implemented  on  the  Connec¬ 
tion  Machine.  The  matcher  uses  constraints  derived  from 
qualitative  models.  For  any  given  occluding  contour  the 
time  it  takes  to  find  at  one  match  is  the  same  as  that  it 
takes  to  find  any  number  (including  zero)  of  matches.  This 
means  that  it  is  relatively  easy  to  determine  if  a  new  model 
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needs  to  be  added  to  the  data  base.  The  set  of  matches 
computed  form  an  equivalence  class  which  can  he  used  as  a 
data  base  (a  much  smaller  one)  for  a  more  elaborate  and  ac¬ 
curate  matcher  that  uses  more  quantitative  models.  With¬ 
out  reducing  the  size  of  the  data  base  such  a  matcher  might 
turn  out  to  be  too  expensive  computationally  to  use. 
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Abstract 

We  outline  a  new,  parallel  and  fast  algorithm  for  com¬ 
puting  the  optical  flow.  The  algorithm  is  suggested  by  a 
regularization  method  that  we  call  "constraint  method". 
The  method,  based  on  a  theorem  of  Tikhonov,  enforces 
local  constraints  and  leads  to  efficient,  parallel  algo¬ 
rithms.  The  specific  constraint  exploited  by  our  algo¬ 
rithm  can  be  shown  to  correspond,  in  its  most  general 
form,  to  3-D  rigid  motion  of  planar  surfaces.  An  initial 
segmentation  of  the  motion  field  can  be  obtained  from 
the  optical  flow  field  generated  by  the  algorithm.  We  also 
suggest  an  iterative  scheme  that  can  provide  fast,  ap¬ 
proximate  solutions  and  refines  them  subsequently.  We 
discuss  the  implementation  of  the  algorithm  on  the  Con¬ 
nection  Machine™  system  and  its  near  real-time  per¬ 
formance  on  synthetic  and  natural  images. 


1.  Introduction 

The  computation  of  motion  is  an  important  module  of 
early  vision.  It  is  potentially  useful  for  computing  the 
3-D  structure  of  surfaces,  for  segmenting  a  scene  into 
objects  and  as  a  control  module  for  navigation.  The 
3-D  motion  field,  however,  or  even  its  2-D  projection, 
cannot  be  directly  measured  from  the  time  sequence  of 
images.  Much  effort  in  recent  years  has  been  invested 
in  analyzing  ways  to  compute  the  optical  flow  -  the  2-D 
field  of  motion  of  brightness  in  the  image.  A  common 
assumption  is  that  the  optical  flow,  suitably  defined,  is 
a  very  close  approximation  to  the  2-D  projection  of  the 
true  3-D  motion  field.  Verri  and  Poggio  (these  Proceed¬ 
ings)  argue  against  this  assumption  and  the  related  use 
of  the  optical  flow  to  obtain  a  precise  quantitative  esti¬ 
mate  of  3-D  structure  and  motion  under  general  condi¬ 
tions.  They  argue  also,  however,  that  qualitative  prop¬ 
erties  of  the  optical  flow  are  very  useful  for  segmenting 
the  scene  into  different  objects  and  for  providing  infor¬ 
mation  about  the  type  of  motion  and  the  3-D  structure, 


and  that  they  are  more  robust  than  quantitative  esti¬ 
mates.  Notice  that  a  closed-loop  control  system  does 
not  need  accurate  estimates.  Furthermore,  Verri’s  anal¬ 
ysis  suggests  that  the  precise  definition  of  optical  flow  is 
not  critical  as  long  as  it  preserves  the  qualitative  prop¬ 
erties  of  the  2-D  motion  field. 

In  this  paper  we  outline  a  new,  robust  and  fast  al¬ 
gorithm  for  computing  a  version  of  the  optical  flow  that 
was  suggested  by  a  regularization  method  that  we  call 
“constraint  method”.  The  algorithm  has  been  imple¬ 
mented  on  the  Connection  Machine-™  system.  Com¬ 
paratively  little  work  in  the  area  of  motion  computation 
‘has  made  use  of  sequences  of  real  images,  because  of 
technical  limitations  in  acquiring  and  processing  them. 
Cur  algorithm,  which  runs  in  times  that  are  typically 
of  the  order  of  a  few  seconds,  is  routinely  used  with  im¬ 
age  sequences  grabbed  by  the  Vision  machine’s  eye-head 
system  (Poggio  and  staff,  these  Proceedings) 

2.  The  algorithm 

We  can  formulate  a  first  algorithm  in  terms  of  the  sim¬ 
plest  possible  assumption,  that  the  optical  flow  is  lo¬ 
cally  uniform.  This  assumption  is  strictly  only  true  for 
translational  motion  of  3-D  planar  surface  patches  par¬ 
allel  to  the  image  plane.  It  is  a  restrictive  assumption 
that,  however,  may  be  a  satisfactory  local  approxima¬ 
tion  in  many  cases.  Let  Et(x,y)  and  Et+&t(x,y)  rep¬ 
resent  transformations  of  two  discrete  images  separated 
by  time  interval  A t,  such  as  filtered  images  or  a  map 
of  the  intensity  changes  in  the  two  images  (more  gen¬ 
erally,  they  can  be  maps  containing  a  feature  vector  at 
each  location  x,y  in  the  image).  We  look  for  a  motion 
displacement  (also  discrete)  y  =  (vz,  vy )  at  each  discrete 
location  x,y  such  that 

||£((x,  y)  —  Et+At{x+vxAt,y  +  VyAt)\\p&ich,  =  min  (1) 

where  the  norm  is  over  a  local  neighborhood  centered 
at  each  location  x,y  and  y(x,y)  is  assumed  constant  in 


the  neighborhood.  Equation  (1)  implies  that  we  should 
look  at  each  x,  y  for  v  —  ( vx,vy )  such  that 

/  \Et(x,y)Ei+&t(x  +  vxAt,y  +  vyAt)\dxdy  (2) 

•/Patchi 

is  maximized.  Equation  (2)  represents  the  correlation 
between  a  patch  in  the  first  image  centered  around  the 
location  x,y  and  a  patch  in  the  second  image  centered 
around  the  location  x  +  uIAt,f'+  vyAt. 

This  algorithm  can  be  translated  easily  into  the 
following  description.  Consider  a  network  of  processors 
representing  the  result  of  the  integrand  in  equation  (2). 
Assume  for  simplicity  that  this  result  is  either  0  or  1. 
(This  is  the  case  if  Et  and  Et+&t  are  binary  feature 
maps.).  The  processors  hold  the  result  of  multiplying 
(or  logically  “anding”)  the  right  and  left  image  map  for 
different  values  of  x,y  and  vx,vy.  The  next  stage,  cor¬ 
responding  exactly  to  the  integral  operation  over  the 

patch,  is  for  each  processor  to  count  how  many  pro¬ 
cessors  are  active  in  an  x,  y  neighborhood  at  the  same 
disparity.  Each  processor  thus  collects  a  vote  indicat¬ 
ing  support  that  a  patch  of  surface  exists  at  that  dis¬ 
placement.  The  last  stage  is  to  choose  y(x,y)  out  of 
a  finite  set  of  allowed  values  that  maximizes  the  inte¬ 
gral.  This  is  done  by  an  operation  of  “non-maximum 
suppression”  across  velocities  out  of  the  finite  allowed 
set:  at  the  given  x,y,  the  processor  is  found  that  has 
the  maximum  vote.  The  corresponding  y(x,y)  is  the 
velocity  of  the  surface  patch  found  by  the  algorithm. 
This  algorithm  is  similar  to  the  stereo  algorithm  imple¬ 
mented  by  M.  Drumheller  and  T.  Poggio  (1986)  on  the 
Connection  Machine™  system. 

The  algorithm  will  not  find,  in  general,  the  2-D  pro¬ 
jection  of  the  true  3-D  velocity  field.  This  will  happen 
only  when  the  features  used  for  matching  correspond  to 
markings  on  the  3-D  surfaces  and  when  either  the  fea¬ 
tures  are  sparse  (no  ambiguity)  or  the  disambiguation 
step  (the  voting  and  non-maximum  suppression  stage) 
finds  the  true  correspondence  (i.e.  the  underlying  as¬ 
sumptions  are  satisfied).  Even  when  the  result  is  not 
the  true  motion  field,  th  algorithm  will  usually  pre¬ 
serve  its  most  important  qualitative  properties. 

3.  The  constraint  method 

The  algorithm  just  described  was  suggested  by  a  reg¬ 
ularization  method  (Poggio  and  Verri,  in  preparation) 
that  follows  directly  from  some  results  of  Tikhonov  and 
the  discrete  nature  of  the  image  data.  We  cutline  here 
the  basis  of  the  constraint  method  and  then  discuss  how 
it  is  implemented  by  our  motion  algorithm.  We  post¬ 
pone  a  more  formal  discussion  to  a  later  paper. 


3.1.  Tikhonov  Lemma 

As  pointed  out  by  Poggio  and  Torre  (1984)  many  prob¬ 
lems  of  early  vision  are  ill-posed.  For  example  solutions 
to  problems  such  as  surface  reconstruction,  computation 
of  visual  motion  and  depth  from  stereo  are  not  unique  or 
they  are  not  stable  (for  instance  for  edge  detection  and 
structure  from  motion).  A  lemma  by  Tikhonov  and  Ar¬ 
senin  (1977)  suggests  how  to  regularize  these  problems 
by  exploiting  the  discrete  nature  of  the  image  data  and 
the  boundedness  of  sought  solutions  (for  instance  depth 
of  surfaces  or  velocity  values). 

Let  us  consider  the  problem  of  solving  the  equation 

Ax  =  y  (3) 

for  x  £  X,  X  a  metric  space.  Let  y  £  Y ,  Y  a  met¬ 
ric  space,  and  let  A  be  an  operator  mapping  D(A)  C  X 
onto  R(A)  C  Y.  In  many  applications  it  is  required  that 
the  solution  x  to  (2.1)  i)  exists,  ii)  it  is  unique  and  Hi)  it 
depends  continuously  on  y.  A  problem  whose  solutions 
satisfies  t),  ii)  and  lii )  is  said  to  be  well-posed. ;  otherwise 
it  is  said  to  be  ill-posed.  It  is  clear  that  the  solution  does 
not  exist  if  y  (£  i?(A)  and  that  it  is  not  unique  if  A  is  not 
injective.  The  solution  depends  continuously  on  y  when 
the  inverse  of  A,  A-1 ,  is  continuous.  Let  us  assume  that 
the  solution  to  (2.1)  is  given  by 

~°  =  Jex  ^A~  ~  ^  (4) 

Sufficient  conditions  for  the  well-posedness  of  (3) 
(or  (4))  are  provided  by  the  following  lemma  by 
Tikhonov: 

Lemma  Suppose  that  the  operator  A  maps  a  compact 
set  F  C  X  onto  the  set  JJ  C  Y.  If  A  :  F  -+  U  is  contin¬ 
uous  and  one-to-one,  then  the  inverse  mapping  A|yJ  is 
also  continuous. 

The  uniqueness  is  obviously  guaranteed  by  the  fact 
that  A  is  one-to-one  while  both  the  existence  and  the 
stability  of  the  solution  rely  upon  the  compactness  of 
the  set  F.  Let  us  assume  that  X  (or  F)  is  a  closed  and 
bounded  subset  of  Rn .  Therefore  X  (or  F)  is  compact. 
Hence,  if  the  solution  belongs  to  a  closed  and  bounded 
set  in  Rn  and  A  is  one-to-one,  the  problem  to  solve  is 
well-posed.  Since  every  early  vision  problem  is  defined 
on  a  n-dimensional  space  (where  n  is  the  number  of  pix¬ 
els),  sufficient  conditions  for  the  well-posedness  of  these 
problems  can  be  given  setting  a  priori  bounds  on  the 
solutions.  In  the  specific  case  of  our  motion  algorithm 
the  compactness  assumption  is  satisfied  by  restricting 
the  input  and  output  spaces  to  be  discrete  and  finite 
(only  a  small  set  of  discrete  velocities  is  allowed). 


It  is  important  to  stress  that  in  several  early  vision 
problems  the  solution  is  not  unique.  For  example  the 
same  2-D  motion  field  can  be  generated  by  the  projec¬ 
tion  of  different  kinds  of  3-D  motion  fields.  This  corre¬ 
sponds  to  the  problem  of  solving  equation  2  when  A  is 
not  one-to-one.  In  this  case  the  lemma  is  not  sufficient 
since  it  does  not  guarantee  uniqueness.  Let  us  assume, 
however,  that  the  solution  is  still  bounded:  only  a  fi¬ 
nite  number  of  solutions,  then,  are  possible  due  to  the 
quantization.  Uniqueness  can  be  achieved  by  giving  a 
set  of  rules  that  allow  the  selection  of  at  most  one  value 
(possibly  none)  for  the  solution  at  every  point:  such 
a  strategy  obviously  will  always  succeed  due  to  the  fi¬ 
nite  number  of  possible  values  at  each  location.  It  is 
worth  noting  that  the  solution  could  actually  turn  out 
to  be  defined  only  in  some  locations,  corresponding  to 
the  selection  of  no  value.  The  set  of  rules  corresponds  in 
our  algorithm  to  the  voting  followed  by  non-maximum 
suppression. 

3.2.  Equivalent  physical  constraints 

The  algorithm  can  be  extended  to  a  less  restrictive  con¬ 
straint:  that  the  optical  flow  is  locally  linear  or  even 
quadratic  instead  of  simply  constant.  The  quadratic 
case  corresponds  to  a  very  simple  constraint  on  3-D 
motion  and  surfaces,  under  the  assumption  that  the  op¬ 
tical  flow  is  sufficiently  close  to  the  2-D  motion  field. 
Under  this  assumption  we  can  use  the  following  result 
due  to  Waxman  (1986):  the  velocity  field  on  the  im¬ 
age  plane  originated  by  arbitrary,  rigid  S-D  motion  of 
a  planar  surface  patch  is  quadratic.  In  this  way,  the  al¬ 
gorithm  exploits  the  physical  assumption  that  surfaces 
are— at  least  relative  to  the  image  resolution — locally 
planar  (the  “allowed”  world  is  thus  a  world  of  polyhe¬ 
dral  solids,  albeit  with  a  very  high  number  of  faces). 
It  is  worth  noting  that  our  initial  experiments  indicate 
that  the  quadratic  and  even  the  linear  assumj  Hons  do 
not  change  significantly  the  results  obtained  with  the 
“constant  constraint”  algorithm. 

3.3.  An  iteration  scheme 

The  implementation  of  the  quadratic  patch  constraint 
is  computationally  expensive,  even  for  coarse  discretiza¬ 
tion  of  the  v.iocity  values.  Though  it  may  be  unneces¬ 
sary  to  cor  aider  in  practice  quadratic  patches,  it  is  of  in¬ 
terest  to  develop  a  scheme  that  allows  for  a  fast  approx¬ 
imate  solution  based  on  the  constant  field  assumption 
that  is  then  refined  in  terms  of  higher  order  assumptions 
such  as  linear  and  quadratic  patch.  It  is  natural  to  con¬ 
sider  an  iteration  that  first  finds  the  best  “constant” 


solution,  then  refines  it  with  the  best  “linear"  correc¬ 
tion  and  finally  finds  the  best  “quadratic”  correction. 
In  general,  the  best  quadratic  correction  does  not  pro¬ 
vide  the  best  quadratic  approximation.  Results  however 
about  the  estimation  of  polynomial  operators  (see  for 
instance  Poggio,  1975,  theorem  4.2)  suggest  that  iterat¬ 
ing  the  procedure  should  converge  to  the  best  quadratic 
approximation.  In  this  way  we  can  find  the  best  “con¬ 
stant”  estimation  of  the  optical  flow  and  then  refine  it 
by  successive  iterations  that  cycle  from  the  lowest  to  the 
highest  order  and  to  the  lowest  again. 

4.  The  Connection  Machine™ 
implementation 

The  time  At  between  images  is  small,  on  the  order  of 
one  video  time  frame  ( 1  /30th  second).  During  this  short 
time,  the  appearance  of  a  moving  object  can  change  due 
to  its  own  motion,  camera  motion,  light  source  motion, 
or  all  three,  among  other  effects  (see  Verri  and  Poggio, 
this  Proceedings).  However,  when  the  local  intensity 
variation  in  the  surface  albedo  is  sufficiently  large,  the 
errors  introduced  by  these  effects  are  minimized.  For 
this  reason,  we  use  the  output  of  an  edge  detection  step 
as  the  input  to  later  stages  of  optical  flow  computation. 
Both  the  Laplacian  of  a  Gaussian  and  Canny’s  edge  de¬ 
tector  (Canny,  1986)  have  been  used  with  good  results. 
Let  Et  be  an  image  containing  a  description  of  the  fea¬ 
tures  at  time  t.  Features  can,  for  example,  describe  the 
sign  of  the  x  and  y  components  of  the  image  gradient 
at  edge  points. 

The  comparison  of  features  in  Et  and  £<+ At  is  per¬ 
formed  for  each  v  and  is  recorded  at  each  x,y  in  a  match¬ 
ing  map  M(y),  which  identifies  whether  the  feature  at 
Et(x,y)  found  a  match  in  Et+At{x.y)  when  displaced 
by  (^x  j  Vy  )At  in  the  image  plane.  This  process  is  spa¬ 
tially  parallel,  operating  at  all  x,y  simultaneously,  for 
parVl  y  f!  »  Rpt"  *h=t  allowed  T'Vi^a  £  rnrPQS 

iterates  over  this  range,  generating  the  matching  map 
M(y). 

The  integration  stage  acts  only  upon  the  match¬ 
ing  ma  s  M |v  .  By  assum,  tion  we  are  looking  for  the 
optical  flow  which  is  locally  constant.  We  choose  the 
flow  y  which,  in  a  neighborhood  N  around  x,y,  max¬ 
imizes  the  number  of  matches.  Again  this  procedure 
iterates  over  all  y  in  the  bounded  range.  We  identify  a 
displacement  only  at  those  locations  x,y  at  which  the 
maximum  vote  is  unique;  ties  are  ambiguous  and  are 
eliminated.  The  result  is  a  map  of  the  optical  flow  at 
locations  in  the  image  at  which  a  moving  feature  has 
undergone  unambiguous  motion. 
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The  comparison  and  integrated  stages  could  be 
merged  into  one  stage,  in  which  case  we  would  be  di¬ 
rectly  implementing  a  binary  correlation  scheme  on  the 
feature  maps. 

The  constraint  method  can  also  be  used  to  ex¬ 
ploit  more  sophisticated  and  less  restrictive  assumptions 
about  surfaces.  We  could,  for  instance,  assume  that  the 
motion  surface  is  locally  planar,  or  that  the  patch  is 
locally  quadratic.  These  more  general  assumptions  can 
be  implemented  by  changing  appropriately  the  geome¬ 
try  of  the  neighborhoods  over  which  the  voting  takes 
place.  We  have  implemented  the  iterative  scheme  for 
determining  the  best  linear  correction  (linear  in  x,y) 
to  the  constant  solution.  There,  the  separation  of  the 
two  stages  is  crucial  for  a  fast  implementation;  for  cor¬ 
rections  that  are  not  constant,  the  voting  neighborhood 
no  longer  corresponds  to  a  simple  patch  in  the  match¬ 
ing  map  of  just  one  displacement.  Also,  the  comparison 
operation  can  be  done  once  and  used  for  all  later  inte¬ 
gration  stages. 


Figure  1.  A  disc  with  random  texture  is  embedded  in  a 
background  pattern  with  the  same  texture.  The  shape  of 
the  object  becomes  immediately  visible  when  foreground  and 
background  pattern  are  moving  with  different  speeds  (figure 
2). 

4.1.  Examples 

We  used  both  synthetic  and  real  images  for  testing 
the  implementation  of  the  algorithm  on  the  Connec¬ 
tion  Machine™  system.  The  algorithm  requires  as 
much  structure  as  possible  in  the  images  to  be  ana¬ 
lyzed.  In  the  synthetic  images  we  produce  sufficient 
structure  by  using  random  textures  for  the  foreground 


Figure  2.  Needle  diagram  of  the  motion  field  computed  by 
the  constraint  method.  A  disc  with  random  texture  is  mov¬ 
ing  with  half  speed  in  the  same  direction  as  the  background. 
The  algorithm  computes  consistent  velocities  for  foreground 
and  background  motion. 


Figure  3.  Needle  diagram  of  the  motion  field  computed  by 
the  constraint  method.  A  disc  with  random  texture  is  ro¬ 
tating  clockwise  at  2  degrees  per  time  step  in  front  of  a 
stationary  background. 

and  background  patterns  1  (Figure  1).  Since  the  fore¬ 
ground  has  the  same  texture  as  the  background  it  re¬ 
mains  invisible  to  the  human  observer  as  long  as  it  is 
not  moving.  As  soon  as  either  the  foreground  or  the 
background  pattern  begins  to  move  the  object  becomes 
immediately  visible.  The  needle  diagrams  of  the  opti- 

1  To  prevent  antialiasing  in  the  motion  computation  output 
the  images  were  appropriately  bandpass  filtered 


cal  flow  field  in  Figure  2  show  that  the  algorithm  suc- 
cesfully  computes  consistent  motion  if  foreground  and 
background  patterns  move  with  different  speeds.  In  Fig¬ 
ure  3  the  disc-like  foreground  pattern  is  rotating  clock¬ 
wise  in  front  of  a  stationary  background.  Again  all  mo¬ 
tion  vectors  show  locally  consistent  direction  and  mag¬ 
nitude  of  velocity  for  the  foreground  pattern.  Figure  4 
shows  that  the  Connection  Machine™  implementation 
of  the  constraint  method  is  able  to  compute  a  consistent 
description  of  motion  in  a  natural  sequence  of  images. 
Two  images  are  digitized  in  30  msec  intervals  with  the 
Vision  machine’s  eye-head  sytem  and  analyzed  by  the 
Connection  Machine"™.  Almost  all  of  the  significant 
intensity  changes  on  the  moving  robot  are  labelled  with 
motion  vectors  pointing  to  the  left  which  is  consistent 
with  the  actual  motion  of  the  robot.  The  non-moving 
chair  and  the  background  is  invisible  to  the  motion  de¬ 
tection  mechanism.  Only  a  few  small  patches  show  false 
motion  due  to  apparent  motion  of  specular  reflections 
caused  by  changes  in  illumination  between  frames.  On 
a  Connection  MachineTW  having  16K  processors,  the 
optical  flow  of  a  128  x  128  image  can  be  computed  in  a 
few  seconds,  several  hundreds  of  times  faster  than  on  a 
Symbolics  3640  Lisp  Machine. 


5.  Finding  discontinuities 


We  are  presently  analyzing  several  methods  for  finding 
efficiently  initial  estimates  of  the  discontinuities  of  the 
optical  flow  that  may  be  later  refined  (for  instance  at 
the  integration  stage).  We  give  here  a  very  brief  outline 
of  three  methods: 


5.1.  Statistics  of  the  voting  step 

At  motion  discontinuities  the  assumption  of  a  constant 
(or  linear  or  quadratic)  motion  field  is  obviously  wrong. 
One  would  expect  therefore  that  the  “votes”  at  a  motion 
discontinuity  (say  in  the  case  of  the  “constant”  motion 
algorithm)  would  fail  to  support  clearly  any  single  ve¬ 
locity.  In  fact,  regions  of  close  “ties”,  or  equivalently 
of  winners  with  locally  minimum  votes,  often  delinate 
motion  discontinuities.  Our  implementation  of  this  pro¬ 
cedure  scales  the  number  of  votes  at  a  location  by  the 
total  number  of  features  in  the  voting  neighborhood. 
Close  ties  receive  values  near  0.5.  Figure  5  shows  the 
result  of  thresholding  this  ratio  at  0.75.  This  idea  can  be 
developed  further  by  considering  more  complete  statis¬ 
tics  of  the  votes  (Spoerri  and  Ullman,  in  preparation). 


b 


Figure  4a.  Frame  1  of  2  from  a  motion  sequence  used  to 
test  parallel  motion  detection  algorithms  with  real  images 
(256  x  256).  The  robot  is  moving  to  the  left.  b.  Output 
of  the  constraint  method  algorithm  for  the  motion  sequence 
shown  above.  Most  of  the  needles  point  to  the  left  con¬ 
sistently  with  the  actual  movement.  The  stationary  back¬ 
ground  (wall,  floor  and  chair)  is  invisible  to  the  motion  de¬ 
tectors.  The  small  patches  of  indicated  motion  on  the  left 
are  most  probably  caused  by  apparent  motion  of  specular 
reflections  due  to  changes  in  illumination  between  frames. 

5.2.  Vetoing  coherent  motion 

Motion  discontinuities  can  be  found  by  using  an  algo¬ 
rithm  that  was  suggested  by  data  on  the  insect  visual 
system  (Reichardt  et  ah,  1983).  The  idea  is  to  inhibit 
or  veto  the  value  of  the  optical  flow  at  each  point  by 
the  average  value  of  the  field  over  a  large  region  cen¬ 
tered  at  that  point  whenever  the  motion  is  of  the  same 
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type.  The  scheme  suggested  by  the  insect  work  s  the 
following:  at  each  x,y  consider  separately  the  x  and 
the  y  component  of  the  optical  flow,  take  its  value  and 
divide  it  by  the  average  value,  computed  over  a  large 
region.  Figure  6  shows  the  output  of  this  operation  on 
two  examples.  The  average  may  be  Gaussian  weighted. 
It  is  quite  intriguing  to  notice  that  the  basic  operation 
is  very  similar  to  a  recent  proposal  by  Land  (1986).  It  is 
also  similar  to  performing  a  center-surround  operation 
(such  as  the  Laplacian  of  a  Gaussian,  but  with  much 
larger  surround)  on  the  log  of  the  optical  flow. 

5.3.  Edge  detection  on  the  optical  flow 

Edge  detection  on  the  each  component  of  the  optical 
flow  is  the  simplest  way  to  obtain  an  initial  estim.  t._  of 
discontinuities.  We  plan  to  use  Canny’s  edge  devertor 
(Canny,  1986)  on  each  component  of  the  optical  flow. 


FiguK  5.  Edge  labeling  by  relative  motion.  Motion  disconti¬ 
nuities  can  be  found  by  finding  the  locations  that  get  a  min¬ 
imum  number  of  votes  for  consistent  motion.  This  should 
be  the  case  at  object  boundaries  for  relative  motion  between 
foreground  (object)  and  background,  a.  A  disc  moves  with 
same  speed  but  in  opposite  direction  to  the  moving  back¬ 
ground.  b.  Object  moves  in  same  direction  but  half  the 
speed  of  the  background. 


Figure  6.  Edge  labeling  by  relative  motion,  a.  A  disc  with 
random  texture  is  moving  with  opposite  direction  in  front  of 
a  moving  background  with  the  same  texture.  Only  those 
indicators  of  relative  motion  with  values  above  a  certain 
threshold  are  shown  here.  b.  The  same  pattern  is  moving 
in  front  of  the  same  background  in  the  same  direction  but 
with  half  the  velocity.  The  size  of  the  labeled  area  depends 
on  the  size  of  the  larger  mask  (see  text). 
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Abstract 

To  develop  useable  alrotitlims  to  solve  problems  in  com¬ 
puter  vision  one  inevitably  has  to  make  a  number  of  as¬ 
sumptions  about  the  problem,  and  about  the  world.  At 
times,  we  are  able  to  derive  optimal  error  algorithms.  Un¬ 
fortunately,  as  many  of  us  have  seen  first  hand,  "optimal” 
algorithms,  when  run  on  real  d?  ta,  can  give  very  poor  re¬ 
sults.  As  a  result,  the  developed  algorithm  is  then  laid 
to  rest,  a  death  caused  bv  assuming  a  world  model  which 
does  not  coincide  with  reality.  However,  such  optimal  al¬ 
gorithms  may  still  serve  a  purpose  in  computer  vision.  At 
times,  these  algorithms  may  be  used  to  help  test  the  as¬ 
sumptions  which  we  can  make  about  the  world  and  thus 
develop  better  models  of  the  world  or  beter  model  of  an¬ 
imal  visual  system. 

After  a  general  discussion  of  the  use  of  optimal  algo¬ 
rithms  in  verification  of  model  assumptions,  we  present 
an  example  from  the  modeling  of  human  reconstruction  of 
surfaces  from  sparse  visual  depth  data.  We  then  discuss 
the  interplay  of  contaminated  data  and  modeling.  We  end 
with  a  short  discussion  of  the  interplay  between  optimal 
error  algorithms,  algorithm  complexity,  and  modeling. 


1  Introduction 

A  large  part  of  the  research  in  computer  vision  can  be  viewed 
as  development  of  models  for  the  e  ./action  of  information  from 
the  visual  data  or  development  of  models  of  various  components 
in  animal  visual  systems.  Because  most  vision  problems  are  ill- 
posed,  the  models  developed  must  contain  various  assumptions 
about  the  world.  Unfortunately,  analytical  analysis  is  not  prac¬ 
tical  for  models  of  all  pro-esses.  Thus  many  researchers  have 
turned  to  computational  <  -alysis  (simulation)  to  provide  them 
with  means  of  comparing  or  validating  models.  In  addition  to  the 
traditional  problems  of  assessing  the  difference  between  experi¬ 
mental  behavior  and  model  predictions  caused  by  experimental 
errors  and  factors  not  considered  in  the  model,  the  researcher 
using  computational  analysis  must  deal  with  errors  which  arc 
caused  by  the  inaccuracy  of  the  “computational  embodiment  of 
the  model” 

We  highlight  this  last  difficulty  by  a  simple  example.  Suppose 
based  on  analytical  methods  we  can  predict  one  of  two  models, 
Mi  and  A/2,  both  of  whieh  are  based  on  the  minimization  of  a 
distance  functional.  For  the  sake  of  argument  let  us  assume  the 
distance  functional  is  non-convcx  for  M\  but  is  convex  for  A/2. 

"This  work  supported  ill  part  by  DARPA  grant  #  N00n39-8d-C-1065  and 
NSF  grant#  DCR-82-H322. 


Furthermore,  let  us  assume  that  M\  is  the  correct  model.  As  of¬ 
ten  happens  in  practice,  we  cannot  test  the  two  models  directly, 
but  rather  we  implement  algorithms  (say  and  < p2)  which  solve 
example  problems  (assuming  models  M\  and  A/2  respectively) 
and  compare  the  results  of  a  number  of  computational  experi¬ 
ments.  For  simplicity,  let  us  assume  the  “quality”  of  a  compu¬ 
tational  experiment  is  proportional  to  the  difference  between  the 
a  known  distance  and  the  estimated  (computed)  minimal  dis¬ 
tance  proposed  by  the  model.  Further,  let  us  assume  that  both 
algorithms  use  a  simple  gradient  descent  algorithm  to  find  the 
minimum  of  their  respective  distance  functionals.  After  a  num¬ 
ber  of  computational  experiments,  we  would  most  likely  conclude 
that  model  A/ 2  was  better  than  model  A/1.1  This  incorrect  con¬ 
clusion  is  not  caused  solely  by  the  differences  in  the  models  but 
by  the  error  properties  of  the  algorithms  used  in  the  computa¬ 
tional  analysis.  While  the  “computational  error”  was  obvious  in 
this  case  (using  gradient  descent  for  a  non-convex  minimization 
problem),  in  practice  subtle  differences  in  algorithms  (and  as¬ 
sumptions  about  the  problem’s  definition)  can  also  cause  large 
differences  in  the  computational  error. 

The  above  example  shows  that  the  comparison  of  algorithms 
docs  not  necessarily  imply  anything  about  the  underlying  models. 
In  the  next  section  we  discuss  how  this  changes  if  the  algorithms 
are  optimal  error  algorithms,  and  how  this  can  be  used  to  verify 
model  assumptions  or  choose  between  different  models.  Then  ,1 
Section  3  we  present  an  example  of  the  general  approach  applied 
to  problem  of  visual  surface  reconstruction.  We  end  this  paper 
with  a  discussion  of  the  interaction  of  optimal  error  algorithms 
and  complexity. 

2  General  Approach 

There  are  four  phases  in  the  general  approach  of  using  opti¬ 
mal  error  algorithms  to  choose  between  different  mathematical 
models  of  a  process.  These  are: 

1.  the  precise  formulation  of  different  models  of  the  process 

2.  the  theoretical  derivation  of  the  optimal  error  algorithm2 

’This  conclusion  assumes  that  the  gradient  descent  algorithm  would  often 
get  stuck  in  local  minima  far  from  the  global  minimum  of  the  non-convex 
distance  function,  which  is  generally  the  case  when  applying  it  to  non-convcx 
functions. 

2  By  optimal  error  algorithm  we  mean  the  algorithm  with  minimal  error. 
We  therefore  assume  that  the  user  has  chosen  a  measure  of  error,  e  g.  maxi¬ 
mum  over  all  possible  problem  instances  of  the  worst  case  difference  between 
the  true  solution  and  the  approximation.  The  results  of  the  process  will  be 
more  significant  if  the  algorithm  is  strongly  optimal,  i.e.  it  has  minimal  error 
for  every  set  of  initial  data. 


for  each  model  given  in  phase  1, 

3.  the  implementation  (and  analysis  of  the  numerical  stabil¬ 
ity)  of  the  optimal  error  algorithms  derived  in  phase  2 

4.  the  comparison  of  the  different  models,  based  on  the  inter¬ 
pretation  of  the  computational  results  of  the  algorithms  in 
phase  3.  This  is  generally  accomplished  using  a  finite  but 
representative  sample  of  problem  elements. 

For  the  approach  to  be  applicable,  each  phase  must  be  com¬ 
pleted.  The  importance  of  phase  1  should  he  obvious.  To  see 
the  importance  of  phase  2,  note  that  if  v  insider  two  optimal 
error  algorithms  (say  tpi  and  < p2)  for  n  f  and  M 2,  then  we 

know  that  the  computational  error  for  gorithm  is  inherent 

in  the  problem.  If  we  find  <p i  to  be  better  than  <p?,  then  we  can 
draw  one  of  three  conclusions: 

•  Mi  is  a  better  model  than  M2. 

•  the  error  inherent  in  any  computational  embodiment  of  M2 
is  so  large  that  Mi  is  effectively  better  since  the  error  is  in¬ 
herent  in  the  model  assumptions.  No  process,  including  the 
one  being  modeled,  could  compute  better  approximations. 

•  M2  is  a  better  model  that  M 1,  but  our  theoretical  mea¬ 
sure  of  error  and  our  sampling  of  data  for  the  comparison 
are  such  that  the  error  of  Mi  on  that  sample  is  considcr- 
aliljr  Biiulli'f  blwN'U*  lJtti.fH.lrl4  w  t  (-Thrrpftjrp  “jppp.- 
resentative”  samples  were  not  representative  of  the  errors 
inherent  in  the  model.) 

Thus  if  samples  in  phase  4  are  truly  represen  tativ.-  the  prob¬ 
lem  is  well  conditioned  and  phase  3  shows  that  the  .iplementa- 
tion  of  the  algorithm  is  well  conditioned  and  numerically  stable, 
then  the  comparisons  in  phase  4  result  in  a  comparisons  of  the 
models,  not  just  'he  algorithms.3 

We  note  that  any  one  of  the  phases  may,  and  often  will, 
be  difficult  if  not  impossible.  Obviously  phase  one  and  phase 
four  should  be  in  the  domain  of  knowledge  of  the  scientist  do¬ 
ing  the  modeling.  Phase  2,  whRh  may  hr  the  tUjSt  itiliirilll 
for  a  scientist  outside  of  computer  science,  may  often  be  accom¬ 
plished  by  referring  to  previous  work  in  optimal  algorithms,  see 
[Traub- Wozniakowski-SO],  [Traub- Wasilkowski-Wozniakowski-83], 
and  [Micchclli-Rivlin-77].  Finally  phase  three  may  be  accom- 
[jliiWl  by  *  <jWli  hE  *  ■mnws*i«L-*l  WI1U0  tl*  IGhv  ptonsw 

might  call  for  considerably  more  effort  than  a  simple  comparison 
of  different  algorithms  which  solve  a  problem  assuming  different 
models,  the  extra  effort  turns  a  simple  comparison  of  different 
algorithms  into  a  experiment  which  compares  different  models  of 
a  process. 

3  Example:  Reconstruction  of  Surfaces 
from  Sparse  Depth  Data 

In  this  section  we  discuss  some  of  tne  details  of  the  use  of  op¬ 
timal  finur  ftlgvjff  finds  Mj  sfrttdy  (Gf  pfucUM  of  SWtftat 

reconstruction  in  the  human  visual  system. 

3  A  problem  is  well-conditioned  if  small  changes  in  the  input  do  not  result 
in  wild  variations  in  the  solution.  An  algorithm  is  numerically  stable  if  Lire 
computed  result  is  the  exact  solution  to  a  slightly  perturbed  problem. 


Since  the  pioneering  work  of  Julesz,  (see  [Julesz-71]  and  the 
many  references  therein),  it  has  been  known  that  when  presented 
with  sparse  depth  data  the  human  visual  system  “perceives”  a 
dense  surface  rather  than  a  collection  of  unconnected  points  in 
depth.4  The  perception  is  both  vivid  and  stable.  Furthermore,  it 
is  the  perception  of  “smooth”  three  dimensional  surfaces.  There 
has  been  considerable  psychological  research  investigating  the 
phenomenological  aspects  of  the  process.  In  recent  years  there 
have  been  a  number  of  computational  models  of  how  this  process 
might  work.  These  computational  models  are  of  great  interest  to 
the  computer  vision  community. 

Researchers  at  MIT,  see  [Grimson-79],  and  [Grimson-81],  pro¬ 
posed  that  we  formulate  the  problem  (assuming  no  noise  in  the 
depth  data)  as  one  of  finding  a  surface  passing  through  the  data 
that  minimizes  a  given  measure  of  surface  unreasonableness.5  In 
their  work,  they  assumed  the  world  contained  surfaces  whose  sec¬ 
ond  derivatives  are  in  L 2  and  that  the  measure  of  reasonableness 
was  given  by  the  bending  energy  of  a  thin-plate.  That  is  the  sur¬ 
faces  arc  such  that  if  one  takes  the  the  second  derivative  of  the 
surface,  and  integrates  the  square  of  these  values  over  the  sur¬ 
face,  the  integral  is  bounded.  The  bending  energy  of  a  thin-plate 
■a  by  tiie  second  oobolev  semi-norm,  i.e. 


While  Grimson  presented  various  arguments  why  to  use  this  mea¬ 
sure.  there  was  no  formal  attempt,  tn  c|  w  ij.jk  n  (| -■ 
propriate  for  human  vision,  nor  that  it  was  the  most  appropriate 
for  computer  vision. 

I11  [Roult-86],  we  initiated  the  application  of  optimal  error 
algorithms  as  a  tool  for  modeling,  by  applying  the  general  ap¬ 
proach  of  Section  2  to  this  problem.  We  generalized  the  model 
proposed  by  Grimson  by  allowing  other  classes  of  functions  and 
different  measures  of  unreasonableness  of  a  surface.6  For  each 
model  we  implemented  an  optimal  error  algorithm  and  then,  us¬ 
ing  psychological  experimentation,  compared  the  models. 

3.1  Experimental  Procedure 

There  were  9  different  data-sets  considered,  each  generated 
by  a  different  underlying  surface.  These  were  considered  to  be 
representative  of  the  surfaces  we  would  encounter  in  computer 
vision.  We  describe  each  of  these  underlying  surfaces  in  turn  and 
die  way  m  which  that  uata  was  sampled. 

Data-set  #1  A  basis  function  using  randomly  located  data.  The  data 
at  all  information  points  lias  value  0  sa.e  one  which  lias  value  1. 

Data-set  # 2  A  small  “wedding  cake”  produced  by  stacking  up  three 
planes  of  lieigli  t  0,  1,  and  1  and  sampling  on  a  10  by  10  grid. 

'Sparse  depth  data  is  presented  by  means  of  random-dot  stereograms  or 
dicoplic  displays 

“This  minimization  property  was  proposed  in  part  because  the  minimiza¬ 
tion  of  an  energy  function  is  an  operation  that  might  be  performed  by  a 
mumi  nawuik,  See  (CtttnsutPbl).  The  fetet  TVUik  hi  Re  r/.ujimdus=?5ij  also 
makes  these  assumptions. 

cThese  correspond  to  different  assumptions  about  “smooth  ”  surfaces  in 
the  world.  Decause  of  the  arguments  about  neural-network  type  minimiza- 
iiu  i»,  >vc  maintained  that  aspect  uf  t]ic  ntudeb^ie  strongly  optimal  error 
properties  of  the  algorithms  follow  from  theoretical  work  in  a  very  general 
setting,  see  [Lee-85]  or  [Boult-86].  It  is  interesting  to  note  that,  the  algorithms 
proposed  by  the  MIT  researchers  are  discrete  approximations  to  the  optimal 
error  algorithm  for  the  class  they  chose. 
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Data-set  #3  100  randomly  located  points  taken  from  a  quarter  of  a 
wedding  cake  containing  four  planes  with  heights  0,  b,  |,  and  1. 

Data-set  #4  A  parabolic  sheet  (height  0  to  .9)  defined  by  only  16 
regularly  spaced  points. 

Data-set  #5  A  half-cylinder  of  radius  y  lying  on  a  plane,  sampled  at 
100  randomly  located  points  in  the  unit  square. 

Data-set  #6  A  quarter  of  a  wedding  cake  (heights  of  the  four  planes 
are  0,  j,  |,  and  1  )  defined  on  a  10  by  10  regular  grid. 

Data-set  #7  A  noisy  approximation  to  the  central  portion  (with  rect¬ 
angular  boundary)  of  a  hemi-spherical  surface  sampled  at  100 
randomly  placed  points. 

Data-set  #8  A  surface  defined  by  two  planes  meeting  at  an  acute 
angle  then  a  parabolic  sheet  meeting  the  right  edge  of  one  of  the 
planes.  Data  sampled  on  a  regular  10  by  10  grid. 

Data-set  #9  A  saddle  surface  (i.e.  rectangular  hyperbolic  sheet).  In 
this  case  the  data  is  located  at  100  randomly  located  points.  The 
range  for  the  data  was  [-.9, .9). 

From  the  initial  data  we  reconstructed  strongly  optimal  error 
estimates  using  a  reproducing  kernel  spline  based  algorithm  (see 
[Boult-86])  under  different  formulation  assumptions.  The  formu¬ 
lations  (i.e.  class/norm  pairs)  and  their  letters  which  will  be  used 
in  subsequent  references  to  them  are: 

A-  i'-2//--76  with  the  accord  Sobolev  *r:,j  i&itii, 

B:  D-3//-1,75  with  the  third  Sobolev  semi-norm, 

C:  D-4//-275  with  the  fourth  Sobolev  semi-norm. 

"D:  D~2H~  6  with  the  second  Sobolev  semi-norm, 

£'•  D~2H~2S  with  the  second  Sobolev  semi-norm, 

Z:  D~2 Lr  with  the  second  Sobolev  semi-norm, 

£•  io  -2Jb6  w'dlt  tSu  !hp oft. '  llobokpwiirt-i  ovffl, 

ft :  D~*L2  with  the  fourth  Sobolev  semi-norm, 

I:  D~SL2  with  the  fifth  Sobolev  semi-norm. 

The  definition  of  these  classes  and  their  associated  semi-norms 
appears  else  where  (see  [Boult-Kender-86]  or  [Duclion-7G]).  The 
reader  can  see  sample  reconstructions  from  classes  V  and  T  (the 
class  used  by  Grimson)  for  three  data-sets  in  Figures  5 — 10. 

In  our  psychology  experiments  to  compare  the  models  (phase 
4  of  the  general  approach)  the  subjects  were  presented  with  9 
packages  each  containing  4  views  of  the  initial  data  and  36  sam¬ 
ple  reconstructions.  The  subjects  rated  each  sample  on  “how 
well  it  fit  their  impression  of  the  surface  generating  the  initial 
data”.  They  also  compared  each  sample  with  5  others  stating  if 
it  ft  Leltci,  equal  Oi  wuiot  fit  tu  the  initial  data.  Mule 

this  results  in  a  tremendous  amount  of  data.  In  total  each  of  the 
six  subjects  ranked  324  sample  reconstructions  and  made  1485 
pairwise  comparisons. 

3.2  Experimental  Results 

In  the  experiment  there  were  two  separate  types  of  responses 

gathered'  divert  rating  and  rnmpnrifiutt  Siufe  Itjlll  1  ypes  jf 

responses  result  in  similar  findings  we  present  only  the  former. 
For  more  detail,  including  an  individual  analysis  of  every  data¬ 
set,  consult  [Boult-86],  Because  the  subjective  ranking  of  the 
classes  will  depend  on  the  underlying  data,  we  shall  break  each 
analysis  up  into  groups: 

•  Jump  discontinuities  (data-sets  1,  2,  3,  6) 


•  Orientation  discontinuities  (data-sets  5,  8) 

•  No  discontinuities  (data-sets  4,  7,  9) 

•  Overall  (data-sets  1,  2,  3,  4,  5,  6,  7,  8,  9). 

Note  that  the  performance  in  the  overall  category  may  reflect  a 
basis  in  the  selection  of  the  initial  data  (i.e.  how  many  surfaces 
with  discontinuities  were  considered  as  compared  to  the  number 
of  smooth  surfaces  tested).  For  this  reason  one  should  not  stress 
those  results. 

The  analysis  of  the  rating  responses  is  simply  the  calculation 
of  the  median,  mean,  and  variance  of  the  rating  of  “quality”.  This 
data  will  be  displayed  for  all  class/norm  pairs  in  graphical  form. 
The  graph  will  have  nine  columns,  one  for  each  class/norm  pair. 
In  each  column  the  mean  will  be  presented  as  a  x,  the  median 
presented  as  a  o  and  the  variance  as  a  line  of  the  appr  'priate 
length  centered  around  the  mean.  In  addition,  above  each  column 
will  appear  the  numerical  value  of  Quality,  the  mean  quality 
response  to  three  significant  digits. 

Throughout  the  discussion  we  shall  consider  the  relationship 
between  the  mean  rating  responses  and  the  “apparent  number 
of  derivatives”  for  each  class.  Note  that  many  of  the  classes  are 
defined  such  that  the  apparent  number  of  discontinuities  is  a 
fractional  value,  see  [Boult-86].  For  the  nine  classes  the  apparent 
number  of  derivatives  are:  class  .4-1,25,  class  b- l.z5,  class  C- 
1.25,  class  17-1.5,  class  £-1.75,  class  Z-2.0,  class  (7-2.5,  class 
77-4.0,  and  class  1-5.0. 

3.2.1  Analysis  of  Data-sets  with  Jump  Discontinuities 

The  data  on  which  this  discussion  is  based  was  generated  by  com¬ 
bining  the  rating  and  pairwise  comparisons  from  all  subjects  over 
th^se  date  sets  t.  h~re  tb..  end  jrfying  has  a  disruri 

tin uity,  i.e.  data-sets  #1,  #2,  #3  and  #6.  Examination  of  the 
rating  responses,  see  Figure  1,  suggests  that  classes  V ,  A,  B  and 
C  are  best  suited  to  this  type  of  data,  while  classes  77,  Z,  and 
Q  are  the  poorest  of  those  considered.  If  we  consider  the  rela¬ 
tionship  between  the  apparent  derivatives  and  the  rating,  we  see 
that  the  peak  in  quality  corresponds  to  an  apparent  derivative  of 
1.25,  and  that  as  we  increase  the  number  of  apparent  derivatives, 
the  quality  gradually  deteriorates. 
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Figure  1:  Processed  responses  for  data-sets  #1,  #2,  #3,  and  #6, 
i.e.,  the  data-sets  with  jump  discontinuities. 

Let  us  now  consider  the  quality  of  the  reconstructions  if  we 
fixed  the  apparent  differentiability  of  the  class  of  functions  in  the 


3.4  Analysis  of  Data-sets  with  No  Discontinuities 


class  and  vary  the  norm.  This  can  be  done  by  considering  classes 
A,  B,  and  C  each  of  which  has  1.25  apparent  derivatives,  but 
which  minimize  the  second,  third  and  fourth  Sobolev  semi-norm 
respectively.  The  rating  responses  (and  comparison  responses) 
for  these  three  classes  are  virtually  identical.  Thus  one  might 
conclude  that  for  these  data-sets,  the  actual  semi-norm  mini¬ 
mized  was  not  a  dominant  factor. 

We  can  also  consider  the  related  question  of  fixing  the  norm 
and  varying  the  class  of  functions.  This  is  accomplished  by  com¬ 
paring  classes  A,  V ,  Z ,  T ,  and  Q.  These  classes  all  minimize  the 
second  Sobolev  semi-norm  but  their  functions  are  assumed  to 
be  in  the  semi-Hilbert  spaces:  D~2H~-75,  D~2H~-S,  D~2H~-2S, 
D~2L2,  D~2ir5  which  have  quality  ratings  of:  3.97,  3.97,  3.49, 
3.22,  and  2.67  respectively.  Thus  we  see  there  is  an  inverse  re¬ 
lationship  between  the  apparent  differentiability  and  the  mean 
quality  rating  over  data-sets  with  jump  discontinuity. 

3.3  Analysis  of  Data-sets  with  Orientation  Dis¬ 
continuities 

The  processed  responses  which  appear  in  Figure  2  were  gener¬ 
ated  by  combining  the  raw  responses  from  all  subjects  for  data¬ 
sets  $5  and  $8.  Examination  of  the  rating  responses  in  Fig¬ 
ure  2  suggest  that  classes  T,  H,  £,  and  Q  are  well  suited  to 
data  whose  underlying  function  has  orientation  discontinuities 
and  that  classes  X,  B ,  and  C  are  poorly  suited  to  such  data. 

Quail ty  2  73  2  77  2.85  3,60  3,90  4.06  4,31  3.98  2.94 


Figure  2:  Processed  responses  lor  data-sets  #5  and  #8,  i.e.,  those 
data-sets  with  orientation  discontinuities. 


The  responses  presented  in  Figure  3  were  genei  ted  by  com¬ 
bining  all  subjects’  responses  over  data-sets  #4,  #7,  and  #9. 
These  data-sets  were  generated  by  underlying  functions  which 
were  very  smooth,  in  fact  infinitely  differentiable.  Examination 
of  the  rating  responses  suggests  that  all  classes  except  V  and  A 
are  well  suited  to  the  problem,  with  classes  H  and  1  being  slightly 
inferior  to  classes  T ,  Z ,  Q,  3  and  C.  The  comparison  responses 
support  the  idea  that  classes  T ,  Q,  B  and  C  are  best  suited  to 
the  smooth  data-sets. 


Quality  1  92  4  54  4-£0  3  04  4  29  4.60  4.39  4.38  3.97 
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Figure  3:  Processed  response?terS data-sets  #4,  #7,  and  #9,  i.e., 
those  data-sets  with  very  smooth  underlying  functions. 


Considering  the  relationship  between  norm  and  rating  re¬ 
sponses  we  see  that  classes  A,  B,  and  C  have  quite  different 
responses.  This  difference  is  due  to  the  fact  that  reconstruc¬ 
tion  for  class  B  and  C  are  exact  for  polynomials  of  order  2  and  3 
respectively.  Thus  they  exactly  reconstruct  the  underlying  data 
for  data-sets  #4  and  #9  (  but  r.ot  #7  because  of  the  noise). 

With  respect  to  the  relationship  between  apparent  derivatives 
and  responses  (taking  into  account  the  fact  that  classes  H,  I,  B, 
and  C  were  exact  because  of  their  null-spaces).  We  see  there  is  a 
unimodal  tendency  (with  peak  around  2).  However,  because  we 
exclude  almost  half  the  classes  the  result  is  considerably  weaker 
than  those  for  data-sets  with  jump  or  orientation  discontinuities. 


3.5  Analysis  of  Performance  over  All  Data-sets 


Again  let  us  now  consider  the  quality  of  the  reconstructions 
if  we  fixed  the  apparent  differentiability  of  the  class  of  functions 
in  the  class  and  vary  the  norm.  The  rating  responses  for  classes 
A,  B,  and  C  are  virtually  identical.  Again,  one  might  conclude 
that  for  these  data-sets,  the  actual  semi-norm  minimized  was  not 
a  dominant  factor. 

We  can  also  consider  the  related  question  of  fixing  the  norm 
and  '.arying  the  class  of  functions.  We  see  there  is  a  unimodal 
(with  peak  at  2.5)  relationship  between  the  apparent  differentia¬ 
bility  and  the  mean  quality  rating  over  data-sets  with  orientation 
discontinuity. 


Examination  of  the  overall  ratings  suggests  that  classes  T , 
£ ,  B  and  C  are  the  overall  most  appropriate  classes  of  those 
tested.  We  point  out  that  this  overall  score  is  very  dependent  on 
the  different  individual  data-sots,  as  is  apparent  from  the  large 
variance  in  rating  responses. 

3.6  Experimental  Conclusion 

We  have  demonstrated  models  which  yield  reasonable  and 
sometimes  far  better  solutions  to  the  visual  surface  reconstruc¬ 
tion  problem  than  those  used  in  [Terzopoulos-84]  or  [Grimson-81]. 
While  we  have  not  fully  explored  the  computational  aspects  of 
these  trade-offs,  we  already  know  that  some  of  the  non-traditional 
classes  are  computationally  more  efficient  when  employing  the 
semi-reproducing  kernel  spline  algorithm. 
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Figure  4:  Processed  responses  Tor  data-sets  #1-9.  That  is,  com¬ 
bination  over  all  data-sets. 

Secondly,  the  most  appropriate  model  may  be  affected  by  the 
“smoothness”  of  the  underlying  data.  If  the  underlying  data  con¬ 
tains  more  than  one  surface  (i.e.  contains  jump  discontinuities), 
then  some  of  the  non-traditional  classes  were  considerably  bet¬ 
ter.  If  the  underlying  surfaces  were  smooth  most  of  the  classes 
tested  performed  reasonable  well. 

In  the  previous  sections  we  pointed  out  a  possible  relationship 
between  the  number  of  apparent  derivatives  in  the  class  and  the 
quality  of  the  associated-  reconstructions.  The  exact  nature  of 
the  relationship  seemed  dependent  on  the  actual  data-set,  but  it 
appeared  to  be  a  unimodal  relationship  with  the  location  of  the 
peak  depending  on  the  data-set  (accounting  for  differences  use 
to  null-spaces). 

Finally,  for  the  case  when  the  underlying  surface  had  jump 
or  orientation  discontinuities,  we  showed  that  changing  the  norm 
while  keeping  the  class  of  functions  basically  fixed  did  not  greatly 
affect  the  quality  of  reconstructions,  while  fixing  the  norm  and 
varying  the  class  of  functions  did  produce  significant  changes  in 
reported  quality. 

4  How  Contanimated  Data  Effects  the  Pro¬ 
cess 

A  common  technique  in  solving  ill-posed  problems  (such  as 
the  surface  reconstruction  problem  discussed  above)  is  with  the 
use  of  regularization  techniques  (see  [Poggio-Torre-Koch-85]  and 
the  references  therein  )  or  smoothing  splines  (see  [Whaba-84]). 
These  approaches  however  assume  that  one  knows  the  correct 
model  for  the  process  and  provides  approaches  for  dealing  with 
contaminated  error. 

When  modeling  a  process,  it  is  often  as  important  to  mode! 
the  error  as  it  is  to  model  the  underlying  process.  In  doing  this, 
the  modeler  has  two  distinct  choices  -  develop  a  single  model 
that  handles  both  the  underlying  process  and  the  error,  or  de¬ 
velop  separate  models.  If  one  chooses  ti.e  former,  the  general 
approach  described  above  can  be  applied;  howevei,  the  deriva¬ 
tion  of  optimal  error  algorithms  becomes  more  difficult.  If  one 
separates  the  models,  one  can  first  experimentally  determine  the 
model  of  the  underlying  process,  then  using  this  may  develop 


algorithms  that  handle  contaminated  data.7 

5  Error,  Models  and  Complexity 

Traditionally,  one  develops  a  model  for  a  problem  and  an 
algorithm  which  solves  it  with  as  small  a  cost  as  possible.  Such 
an  approach  often  does  not  consider  what  the  error  inherent  in 
the  model  is,  and  how  that  is  related  to  the  error  of  the  developed 
algorithm.  In  Section  2,  we  discussed  the  general  approach  for 
refining  the  model  of  a  problem  using  optimal  error  algorithms. 
While  this  may  be  good  for  abstract  modeling,  we  realize  that 
an  often  important  aspect  of  a  model  is  that  it  can  be  used  to 
quickly  produce  some  predictions.  Thus,  one  desires  algorithms 
with  as  small  a  complexity  as  possible. 

While  it  is  often  the  case  that  optimal  error  algorithms  are 
also  optimal  complexity  algorithms  the  relationship  is  not  as¬ 
sured,  see  [Traub-Wasilkowski-Wozniakowski-83].  In  particular 
the  complexity  depends  heavily  on  the  model  of  computation 
(especially  if  parallel  computation  is  to  be  used),  while  the  er¬ 
ror  properties  are  inherent  in  the  problem,  independent  of  any 
computer.  Thus,  while  the  optimal  error  algorithm  generally 
does  not  significantly  change  between  the  (reasonable)  models  of 
computation,  the  complexity  of  that  algorithm  generally  does. 

However,  all  is  not  lost.  Once  we  have  developed  an  appropri¬ 
ate  model  for  a  problem,  nothing  is  to  prevent  us  from  using  that 
knowledge  to  develop  approximate  algorithms  which  are  compu¬ 
tationally  more  efficient  than  the  optimal  error  algorithm. 
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Figure  5:  Reconstruction  using  model  T  for  data-set  #  2. 


Figure  6:  Reconstruction  using  model  V  for  data-set  #  2. 


Figure  7:  Reconstruction  using  model  T  for  data-set  #  4. 


Figure  8:  Reconstruction  using  model  V  for  data-set  #  4. 


Figure  9:  Reconstruction  using  model  T  for  data-set  #  5 


Figure  10:  Reconstruction  using  model  V  for  data-set  #  5 
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ABSTRACT 

This  paper  explores  A.P.Witkin’s  shape  from  texture  method  [1], 
We  show  the  results  and  performance  of  this  method  for  a  parallel 
implentation  developed  on  the  simulator  for  the  massively  paral¬ 
lel  tree-structured  supercomputer,  the  NONVON  [2],  We  show 
that  the  parallelization  of  Witkin’s  algorithm  not  only  substan¬ 
tially  improves  the  overall  efficiency  but  it  does  so  by  exploiting 
a  more  powerful  representation  which  could  be  used  by  other 
shape-from  methods.  Lastly,  *  -  show  how  the  accuracy  of  the 
method  can  be  improved  by  using  the  Gaussian  sphere  in  repre¬ 
senting  the  isotropy  assumption  and  we  compare  our  results  with 
the  original  method  and  the  more  efficient  methods  developed  by 
Davis,  Janos  and  Dunne  [3], 


INTRODUCTION 

In  thb  i  aper,  we  discuss  an  implementation  of  A.P.Witkin’s 
algorithm  for  the  recovering  of  surface  orientation  from  texture 
for  the  highly  parallel,  SIMD,  tree-structured  NONVON  super¬ 
computer.  Witkin’s  approach  to  the  surface  from  texture  prob¬ 
lem  is  well-suited  to  a  wide  spectrum  of  textures  and  relics  upon 
the  assumptions  that: 

1.  The  image  is  an  orthographic  projection  rep  1  d.  Jlld- 

nar  surface. 

9  TtP  tnvti.m  Ltii'lf  fi  f  juiilt'jrd  I  lu  lit*  Tlatfilmtkjt  i 
edge  directions  and  this  distribution  is  assumed  to  be  uni¬ 
form  prior  to  the  effects  of  projection.  More  importantly, 
the  method  will  work  to  the  extent  in  which  the  distribu¬ 
tion  of  edge  directions  that  compose  the  texture  do  not 
resemble  the  effects  of  projection. 

3.  All  surface  orientations  are  equally  likely.  If  we  consider 
each  surface  as  being  represented  by  a  point  on  the  Gaus¬ 
sian  sphere  then  a  given  surface  is  equally  likely  to  be  rep- 
Fesenlvd  by  a-i.y  point  m.  the  sphere  [-1]. 

Given  that  these  assumptions  hold  completely,  this  method  has 
already  been  proven  to  be  quite  robust.  The  major  drawbacks 
are  that  it  fails  when  confronted  with  textures  with  regular  fea¬ 
tures  (assumption  2)  and  it  is  com,/iitatijfraily  inefficient.  L.?J 

’This  work  supported  in  part  by  DARPA  grant  #  N00039-8-1-C-01G5  and 
DARPA  grant  #  DACA76-8G-C-0021 


Davis,  L.  Janos  and  S.M.  Dunn  have  proposed  two  algorithms 
which  numerically  approximate  Witkin’s  method  and  speed  the 
computation  by  as  much  as  a  factor  of  four.  In  this  paper,  we 
consider  ways  to  improve  the  efficiency  through  parallelization. 
We  take  care  to  use  representations  which  give  accurate  measure¬ 
ments  and  can  be  used  to  extend  the  method  to  a  larger  domain. 

The  idea  behind  Witkin’s  method  is  as  follows.  We  assume 
that  the  distribution  of  edge  directions  is  uniform  prior  to  the 
projection.  If  the  surface  is  slanted  about  an  axis  parallel  to  the 
X-axis  by  an  angle  0  with  respect  to  the  image  plane  then  we 
expect  the  distribution  of  edge  directions  to  become  dominated 
by  edges  whose  directions  are  close  to  horizontal.  The  larger  6 
is,  the  greater  the  domination  of  these  edges.  This  makes  intu¬ 
itive  sense  since  all  the  edges  in  the  surface  are  being  more  and 
more  compressed  along  their  vertical  component.  If  the  surface  is 
slanted  about  a  different  axis  which  makes  a  tilt  angle  r  with  the 
X-axis,  then  the  distribution  is  just  shifted.  Examples  of  these 
distributions  for  various  slants  and  tilts  are  shown  in  Figure  1. 

L. Wolff  [5]  presents  an  outline  for  the  implementation  of 
this  method  on  the  NONVON  which  forms  the  basis  for  the  al¬ 
gorithm  used  here.  The  three  phases  of  the  algorithm  are: 

1.  The  determination  of  the  edges  in  the  image  in  each  of  the 
^.Igj  directions  considered. 

2.  The  histogramming  of  the  edge  directions. 

3.  Computing  the  likelihood  Tor  the  histogram  for  each  possi¬ 
ble  surface  orientation  and  finding  the  maximum  likelihood. 

Tu*  f *»L  of  pnjjkt  flitififtitl'  tfefe  test  flissWB  of 

algorithm  while  the  second  section  elaborates  upon  the  the  third 
phase.  The  final  section  shows  how  the  accuracy  of  the  method 
can  be  improved  by  using  a  better  representation. 

THE  EDGE  DIRECTIONS 

This  is  computatk  lly  the  most  important  phase  of  the 
algorithm,  bince  this  phase  is  only  the  input  into  the  algorithm  it 
is  often  overlooked;  but  the  choice  of  representation  and  method 
used  here  greatly  effect  the  types  of  information  available  for  sub¬ 
sequent  use.  Once  the  histogram  of  edge  directions  is  found  the 
lit  uiuuuuh  n  t  f  lTjm  likHilivj. tl  luliiiuiUM  i#  wuH  iltduu-d  mu!  i>  iii- 
putationally  less  intensive.  However,  there  are  sever;.]  different 
ways  to  determine  the  edges  and  their  orientations  and  we  would 
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Tilt=0  degrees,  Various  Slants 


Tilt“135  degrees,  Various  Slants 


Figure  1.  Plots  of  pdf  (edge  direction\8,r)  for  r  =  0  (left)  and  r  =  135  (right)  at 
several  values  of  8. 


like  to  do  this  both  efficiently  utilizing  our  parallel  architecture 
and  with  an  eye  to  facilitating  the  detection  of  edges  which  do 
not  satisfy  the  assumptions. 

For  the  initial  detection  of  the  edges,  Witkin  proposed  the 
Marr-Hildrcth  zero-crossing  operator  which  he  used  successfully 
to  demonstrate  his  algorithm.  This  method  is  also  applied  here 
using  the  parallel  functions  for  the  NONVOVN  written  by  Bur¬ 
ton,  Lee,  and  WolfT[6].  Their  implementation  is  designed  about 
a  multiresolution  image  pyramid  for  the  purpose  of  stereopsis. 
With  this  arrangement  of  the  image  data,  their  implementation 
could  exploit  the  processing  tree  architecture  of  the  NONVCN. 
The  NONVON  supports  four  modes  of  communication  which  are: 
global, linear, binary  tree  and  within  the  lowest  level  of  the  tree, 
there  is  mesh  communication.  Hence,  the  multiresolution  im¬ 
age  pyramid  is  stored  in  every  other  level  of  the  tree  and  intra¬ 
level  communication  is  optimal  for  the  lowest  level  image.  For 
two  pixel  neighbors,  PEI  and  PE2  at  a  higher  level  however, 
data  must  first  be  passed  from  PEI  down  the  tree  to  the  mesh 
level,  cross  over  to  the  appropriate  child  of  PE2  and  then  ascend 
the  tlH)  '  i  ft li  reaching  l'E2  Having  =>  m"ltirp=olutinn  pyramid 
for  the  stereopsis  was  useful  for  performing  multi-level  match¬ 
ing  but  it  could  similarly  be  used  in  improved  edge  detection. 
Mali  and  Hildreth  [7j  JevJi  this  idea.  Hath  love!  '&  ram 
find  the  zero-crossings  for  differing  frequency  bands  and  then  a 
set  of  parsing  rules  determine  the  relationshi  ■  between  the  zero- 
crossings  at  each  level.  The  parsing  rules  are  determined  by 
physical  constraints  such  as  the  spatial  localization  of  intensity 
changes  due  to  each  physical  phenomena  in  the  visual  world. 
Thus,  zero-crossings  are  expected  to  be  found  at  each  level  un¬ 
less  more  than  one  phenomena  have  been  combined  from  a  higher 
fre,uency  band.  From  these  rules,  the  primitives  of  the  primal 
sketch  are  found.  This  same  technique  might  by  exploited  for  use 
with  Witkin’s  algorithm.  Distribution  of  edge  directions  found 
i!  kvJ  U  t  jgeUtw  with  life  pwekig  nd«A  1» 

determine  the  frequency  band  which  give  the  most  reliable  results 
or  greatest  likelihoods.  In  fact,  one  of  the  problems  encountered 
with  zero-crossings  is  that  more  than  what  is  normally  percieved 
as  the  edges  in  the  image  are  detected.  This  is  significant  since 
the  set  of  edges  which  are  optimal  for  Witkin’s  method  are  not 


known.  In  our  current  implentation  however,  just  the  mesh  level 
is  used  for  edge  detection  so  that  each  convolution  requires  only 
0(iV2)  operations  where  the  convolution  mask  is  NxN  and  the 
computations  to  find  zero-crossings  in  each  direction  requires 
O(S)  in  the  worst  case  (where  the  image  is  5x5)  and  O(k)  in 
the  average  case,  for  some  small  constant  k. 

Given  this  technique  for  edge  detection,  it  still  remains  to 
determine  the  directions  of  the  edges.  To  do  this,  let  us  first 
consider  the  principles  behind  our  edge  detection  scheme.  The 
Marr-IIildreth  operator  was  selected  as  the  optimal  smoothing 
filter  that  satisfied  two  physical  constraints.  The  first  constraint 
is  one  of  spatial  localization  since  it  is  believed  that  only  nearby 
points  contribute  information  to  the  intensity  changes  at  any 
given  point.  The  second  constraint  is  a  frequency  localization. 
We  would  like  a  smooth  and  band-limited  filter.  These  con¬ 
straints  lead  directly  to  the  D2G  operator  or  to  finding  the  zero- 
crossings  of  the  second  directional  derivative  of  the  image  con¬ 
volved  with  a  Gaussian  filter.  This  is  approximated  by  taking 
the  Laplacian  of  the  Gaussian  filtered  image  or  A 2G. 

The  first  thing  to  nntp  is  that  finding  a  rero-rrosfiing  ’n  a 
given  direction  does  not  necessarily  tell  us  about  the  direction  of 
an  edge  at  this  point.  Indeed,  it  is  possible  that  there  is  a  zero- 
rtuthfg  h  .  nay  .'lftAlki.  al  a  gmn,  gvinl  wLtn  for  example, 
there  is  only  a  single  edge  formed  by  a  uniform  intensity  change 
with  constant  lines  that  run  parallel  to  the  edge.  To  choose 
among  several  zero-crossings  at  one  point,  we  have  two  simple 
strategies: 

1.  Choose  the  zero-crossing  which  has  the  maximum  slope. 

2.  Choose  the  zero-crossing  whose  orientation  agrees  with  the 

ortei.talkHiS  J  other  neighboring  zero  crossings. 

The  second  strategy  is  supported  by  the  theorem  that  Marr 
stn.1  ITik1  Mil  rsfl  SH.tiff  sanhWoi,  width  ivT 

smoothed  images  (as  in  our  case)  the  two  strategies  above  are 
equivalent.  The  theorem  tells  us  that  the  intensity  variation  near 
and  parallel  to  the  line  of  zero-crossings  should  be  locally  linear. 
We  are  ultimately  interested  in  the  direction  of  an  edge  at  this 
point,  and  we  see  that  according  to  this  theorem  the  line  of  zero- 
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crossings  is  in  the  direction  of  the  edge  since  we  expect  linear 
intensity  changes  along  and  parallel  to  the  edge  and  a  maximum 
change  across  it. 

Thus,  there  are  two  approaches  that  can  be  taken  in  ex¬ 
tracting  the  edge  directions  from  the  zero-crossings,  both  which 
can  be  easily  implemented  in  our  parallel  scheme.  The  first  ap¬ 
proach  takes  the  edge  direction  as  orthogonal  to  the  orientation 
of  the  zero-crossing  with  the  maximum  gradient.  The  second  ap¬ 
proach  considers  an  edge  only  if  there  are  two  zero- crossings  of 
the  same  orientation  which  are  adjacent  to  each  other  on  the  line 
perpendicular  to  the  zero-crossing  orientation.  The  direction  of 
this  edge  is  then  the  direction  formed  by  the  line  on  which  the 
two  zero-crossings  lie.  This  method  has  the  advantage  that  an 
edge  is  more  clearly  part  of  contour  and  less  likely  to  have  been 
contributed  by  noise.  On  (he  other  hand,  since  we  are  only  inter¬ 
ested  in  “texture,”  a  contour  may  be  irrelevant.  Finally,  an  edge 
in  the  vertical  or  horizontal  direction  is  more  easily  found  due  to 
the  nature  of  the  grid  and  this  will  skew  our  histogram  values. 

For  both  approaches  we  are  limited  by  four  directions  in 
which  we  usually  look  for  zero-crossings  given  an  image  grid 
where  each  pixel  has  neighbors  along  four  lines:  vertical,  the  two 
diagonals  and  horizontal.  For  histogramming  edge  directions, 
four  directions  can  suffice  depending  on  the  accuracy  desired  in 
the  results.  We  have  found  that  using  four  directions  with  accu¬ 
rate  information  is  all  that  is  needed  to  determine  which  of  36 
uniformly  spaced  (on  the  Gaussian  sphere)  surface  orientations 
for  an  image  that  is  only  32x32.  But  for  more  precise  results, 
we  need  to  consider  ways  of  refining  our  methods.  For  the  first 
approach,  we  can  consider  the  gradients  of  perpendicular  zero- 
crossings  as  orthogonal  components  of  a  vector  which  determines 
the  orientation  of  the  maximum  slope  and  thus  is  orthogonal  to 
the  edge  direction.  There  are  actually  two  pairs  of  orthogonal 
components  that  we  can  use  as  redundant  information  and  de¬ 
termine  the  direction  of  the  edge  with  the  accuracy  affordable  by 
the  data.  For  each  pair,  if  only  one  zero-crossing  is  found  the 
gradient  for  the  other  is  considered  to  be  zero.  If  noth  pairs  have 
at  least  one  zero-crossing  then  the  two  resulting  vectors  can  be 
averaged.  If  the  two  resulting  vectors  are  more  than  90  degrees 
apart  then  the  information  at  that  pixel  is  thrown  out  since  it  is 
contradictory. 

For  the  second  method,  we  can  consider  triplets  or  quadru¬ 
plets  of  zero-crossings  in  order  to  increase  the  number  of  different 
directions  that  we  can  find  for  the  edges  but  this  requires  even 
longer  edges.  Furthermore,  the  distribution  of  detectable  edge 
directions  continues  to  be  nonuniform.  For  greater  discernment 
in  the  edge  directions  the  first  method  is  superior  for  our  pur¬ 
poses  since  we  can  uniformly  histogram  the  edge  directions  which 
are  found  in  a  single  non-expanding  set  of  operations.  However, 
if  the  vision  system  incorporates  a  contour  following  algorithm, 
then  this  method  might  serve  us  well.  Small  contours  could  be 
used  for  the  edge  direction  distribution  and  larger  contours,  in¬ 
dicative  of  non-textural  phenomena,  could  be  passed  on  to  other 
modules. 

Once  the  edge  directions  have  been  found,  we  can  take 
advantage  of  the  NONVON  tree  communication  capability  to 
compute  the  histogram.  Since  the  edge  directions  now  reside  at 
the  mesh  level,  we  simply  accumulate  the  number  of  edges  in 
each  direction  as  we  ascend  the  tree.  The  algorithm  will  require 
only  O(logn)  operations  where  n  is  the  number  of  pixels  in  the 
image  as  opposed  to  0(n)  needed  by  a  sequential  machine. 

There  are  of  course  several  alternatives  to  this  scheme  for 


determining  the  edge  directions.  Two  methods  that  we  have  con 
sidered  are:  (1)  using  the  gradient  determined  by  the  orthogonal 
Sobel  operators  and  (2)  using  the  wedge  shaped  regions  centered 
at  the  origin  of  the  power  spectrum  of  the  image.  The  former 
can  be  implemented  on  the  NONVON  in  a  similar  fashion  as  the 
Laplacian  of  the  Gaussian  since  it  is  a  convolution  and  it  has  the 
advantage  of  measuring  edge  orientation  more  accurately.  The 
latter  also  has  a  well-studied  parallelization  and  although  it  is 
not  as  efficient  as  the  convolution  with  a  small  mask,  the  his¬ 
togram  could  be  found  directly.  For  all  of  these  methods,  there 
is  an  interesting  threshold  parameter  which  can  be  used  like  the 
bandwidth  to  determine  the  optimum  maximum  likelihood. 

ORIENTATION  LIKELIHOODS 

This  phase  of  the  algorithm  although  computationally  somewhat 
complex,  is  not  nearly  as  computationally  intensive  and  there¬ 
fore  we  initially  thought  that  it  did  not  justify  implementation 
on  the  NONVON  but  could  more  easily  be  accomplished  by  its 
host  computer.  Basically,  it  consists  of  computing  the  likelihood 
of  each  possible  orientation  given  the  distribution  of  edge  direc¬ 
tions.  While  the  number  of  possible  orientations  is  infinite,  they 
can  be  well  represented  by  a  small  sized  subset  on  the  order  of  a 
hundred.  However,  after  considering  all  the  benefits,  it  becomes 
clear  that  it  is  worthwhile  to  take  advantage  of  the  parallel  NON¬ 
VON  architecture. 

The  likelihoods  that  we  need  to  compute  are: 

T/a  |  <»\ _  sin6  t~t  tt -'cosO _ 

,7"  J  ir  cos2(a‘  -  t)  +  sin2 (a"  -  r)cos29 

where  0,t  are  the  slant  and  tilt  and  A’  =  [aj,...,a*]  are  the 
histogram  values.  This  equation  is  an  application  of  Bayes  The¬ 
orem  where  the  first  term  is  the  j>df(9,r)  and  the  rest  is  the 
p<lf(A~\0,r).  Notice  that  the  likelihood  of  a  particular  surface 
orientation  depends  on  the  probability  that  that  surface  occurs. 
We  assume  that  all  surfaces  arc  equally  likely,  but  this  docs  not 
mean  that  each  pair  of  slant  and  tilt  values  arc  equally  likely. 
The  probabilty  that  a  surface  is  not  slanted  at  all  is  very  small 
compared  to  the  probability  that  it  is  slanted  90  degrees  because 
of  the  range  of  tilts  that  can  occur  in  the  latter  case.  This  plays 
an  important  role  in  determining  the  surface  orientation  of  max¬ 
imum  likelihood  (as  we  shall  see  later)  and  whenever  possible  it 
should  be  modified  to  reflect  more  pertinent  knowledge  of  the 
environment  or  information  obtained  by  other  shape-from  meth¬ 
ods. 

Davis,  Janos  and  Dunne  have  shown  two  ways  to  find  the 
maximum  likelihood  more  efficiently  by  ( 1 )  using  a  good  geomet¬ 
ric  heuristic  to  estimate  the  tilt  and  then  using  a  one-dimensional 
Newton  method  to  obtain  the  slant  and  (2)  expressly  computing 
the  orientation  by  accurately  approximating  the  equations.  Both 
methods  do  indeed  improve  the  efficiency  (the  second  one,  very 
effectively)  although  with  some  loss  of  accuracy.  On  the  other 
hand,  much  relevant  information  is  lost  especially  if  we  would  like 
to  use  this  method  in  conjunction  with  other  shape-from  tech¬ 
niques.  Specifically,  we  no  longer  know  the  likelihoods  at  each 
orientation.  Wilkin  showed  in  his  original  paper  the  iso-density 
contour  maps  of  the  orientation  density  functions  obtained  for 
images  of  geographic  contours.  These  figures  show  graphically 
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much  more  information  that  can  be  gathered  from  a  single  max¬ 
imally  likely  orientation.  Not  only  are  other  likely  orientations 
exposed  but  the  sharpness  of  the  peaks,  unlikely  orientations, 
and  the  overall  shape  of  the  confidence  measures  are  seen.  For 
this  reason,  and  because  of  the  non-trivial  speed-up,  we  decided 
to  parallelize  this  stage  of  the  algorithm,  one  PE  for  each  likeli¬ 
hood,  so  that  a  fine  grained  output  of  the  orientation  likelihoods 
could  be  obtained.  Once  these  likelihoods  are  found,  the  maxi¬ 
mum  can  be  found  by  traversing  up  the  tree.  But  in  addition, 
we  have  created  an  ideal  structure  for  outputting  a II  the  like¬ 
lihoods  to  other  shape-from  methods  and  for  feedback  between 
the  likelihoods  and  the  edge  direction  distributions  found  at  vary¬ 
ing  bandwidths  and  thresholds.  This  latter  result,  can  be  used 
to  identify  the  edges  which  optimally  satisfy  the  assumptions, 
allowing  Witkin’s  method  to  be  used  on  more  natural  textures 
successfully.  A  sample  of  our  results  are  given  in  Figure  2. 

IMPROVING  THE  ACCURACY 

The  assumption  that  all  surfaces  are  equally  likely  is  called  the 
isotropy  assumption  and  from  it  the  joint  pd  f  of  the  slant  and  tilt 
is  derived.  Using  the  pdf  that  VVitkin  derived,  given  above,  gives 
poor  results  because  of  the  singularly  small  probability  associ¬ 
ated  with  a  surface  lying  close  to  the  image  plane.1  This  causes 
an  error  in  the  predicition  of  the  surface  orientation  whenever  the 
slant  is  small.  This  error  arises  because  of  the  choice  of  the  co¬ 
ordinate  space  used  to  represent  orientation.  Furthermore,  if  we 
take  equally  spaced  intervals  of  8  and  r  the  probability  associated 
with  each  grid  square  is  not  uniform  and  thus  the  discrimination 
of  surface  orientation  is  also  not  uniform. 

All  of  this  can  be  easily  remedied  by  a  more  appropriate 
choice  of  the  coordinate  space  representation  of  orientation.  The 
singularity  that  occurrs  when  the  slant  is  small  is  a  result  of  the 
nonuniform  probability  associated  with  each  orienation  region, 
the  regions  being  smallest  when  the  slant  approaches  zero.  If  in¬ 
stead  of  selecting  equally  spaced  intervals  of  0  and  r,  we  choose 
i  equal  size  areas  on  the  Gaussian  Sphere,  the  joint  pdf  is  simply 

'  a  uniform  distribution  and  thus  a  constant.  The  advantages  are 

I  tv  hold:  large  errors  at  small  slants  are  avoided  and  the  resolu¬ 

tion  of  the  results  becomes  more  consistent. 

Figure  3  shows  the  decrease  in  the  error  as  a  function  of 
i  slant  by  transforming  the  orientation  space  into  Gaussian  Sphere. 

Ten  random  samples  of  2000  uniformly  distributed  tangent  di- 
,  rections  were  projected  at  a  constant  tilt  for  each  slant.  The 

i  projected  tangent  directions  are  then  histogramrned  and  given 

as  input  into  Witkin’s  original  method  which  finds  the  maximum 
j  likelihood  of  100  surfaces:  10  slants  and  10  tilts,  equally  spaced 

j  and  into  the  modified  method  which  finds  the  maximum  like- 

I  lihood  of  100  surfaces  approximately  uniformly  spaced  on  the 

|  Gauasjan  Spheic.  I  he  eTTuT  ill  the  predicted  C neflt Aliv. t.  (t  ,  i  ) 

j  from  the  known  orientation  ( 6 ,  r)  is  measured  in  two  ways.  1  he 

I  bottom  plot  shows  the  rms  error  similar  to  that  used  by  Davis, 

|  Arms  at  d  1.  Ht'.cs  def.  cU  hy. 

c(rms)  =  \J(B  -  8')2  +  (r  —  r*)2 

1  where  the  difference  between  two  tilt  angles  is  the  minimum  of 

the  possible  differences  of  the  two  angles  modulo  7r.  Notice  the 

'Lee  and  Rosenfeld  [8]  have  corrected  this  to  account  [or  the  discrete 
t  nature  of  the  data  and  concluded  that  the  pdf  should  he  (\/2ir)stn20  but 

^  this  does  not  alter  the  problem  mentioned  here. 


inordinately  large  errors  at  small  slants  for  both  methods.  This  is 
in  part  because  at  small  slants  the  effects  of  the  direction  of  slant, 
namely  the  tilt,  are  neglible.  (See  Figure  1.)  On  the  other  hand, 
a  large  tilt  error  at  small  slants  does  not  indicate  that  a  large 
rotation  is  needeed  to  orient  the  actual  surface  to  the  predicted 
one  and  yet  the  size  of  this  rotation  is  more  representative  of  the 
error  that  we  percieve.  Therefore,  an  improved  measure  of  the 
error  would  be  the  angular  distance  separating  the  actual  surface 
0  from  the  predicted  surface  O’  where  both  are  represented  by 
three  dimensional  cartesian  vectors  on  the  Gaussian  Sphere: 

c(sphcrc)  =  arccos(0  ■  O’). 

The  top  plot  in  Figure  3  shows  the  same  errors  measured  in 
this  way.  There  is  still  a  large  error  associated  with  small  slants 
although  this  better  represents  the  error  we  would  percieve.  It 
is  not  surprising  these  errors  are  still  large  since  changing  the 
orientation  of  a  surface  at  small  slants  changes  the  region  that  is 
percieved  only  slightly  while  at  large  slants,  the  size  and  location 
of  the  physical  region  seen  changes  drastically. 


The  implementation  of  this  method  on  the  simulator  for  the 
NONVON  computer,  has  exposed  both  the  advantages  and  limi¬ 
tations  of  Witkins’s  statistical  approach  to  texture.  One  obvious 
limitation  is  that  not  all  surface  orientations  can  be  distinguished. 
For  every  surface  orientation  that  the  method  finds,  there  is  an¬ 
other  orientation  which  slants  in  the  opposite  direction  which  is 
equally  likely.  This  is  obviously  counter  to  human  perception.  It 
suggests  that  this  method  is  somehow  incomplete  or  the  wrong 
approach.  However  there  are  several  reasons  why  this  method  is 
appealing.  Most  ollmr  methods  which  derive  shape  from  texture 
rely  upon  gradient  measures.  These  methods  rely  upon  deter¬ 
mining  texel  size,  shape  or  spacing  and  assumptions  concerning 
their  uniformity.  These  methods  are  complicated  by  determining 
or  locating  texels  and  limited  to  very  specific  domains.  Notice 
how  these  methods  contrast  with  Witkin’s  approach  which  will 
often  fail  when  their  assumptions  hold  but  work  when  they  fail. 
For  example,  uniformly  shaped  texels  will  cause  Witkin’s  method 
to  fail  if  the  texel  shape  is  biased  towards  certain  directions  but 
when  the  texels  are  all  shaped  differently  Witkin’s  is  likely  to  be 
applicable.  Thus,  it  would  be  useful,  if  Witkin’s  method  could 
be  applied  so  that  instead  of  „olely  determining  the  orientation 
which  is  most  likely  to  be  represented  by  the  given  edge  distribu¬ 
tion,  the  likelihood  of  each  orientation  was  used  as  information  to 
be  passed  onto  to  other  shape  from  texture  methods.  These  other 
methods  which  measure  shape  from  texture  using  gradients,  can 
then  determine  precisely  what  Wilkin  doesn’t:  the  local  direc¬ 
tionality  which  uniquely  determines  the  surface  orientation. 
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Abstract:  This  paper  reports  progress  in  the  develop¬ 
ment  of  a  solid  modelling  system  combining  straight  ho¬ 
mogeneous  generalized  cylinders  through  set  operations. 
Two  basic  components  of  this  system  are  the  modules 
which  compute  the  set  operations  between  primitives  and 
display  the  resulting  solids  using  ray  tracing.  These  two 
modules  are  also  very  computationally  intensive  as  they 
involve  a  large  number  of  surface-surface  and  ray-surface 
intersections  computations.  We  introduce  a  novel  hierar¬ 
chical  representation  for  straight  homogeneous  cylinders 
called  Box  Tree.  The  Box  Tree  is  analogous  to  a  Quadtree 
in  parameter  space.  It  is  an  exact  boundary  representa¬ 
tion  which  describes  the  surface  of  the  associated  gener¬ 
alized  cylinder  by  a  hierarchy  of  enclosing  boxes.  We  use 
the  Box  Tree  to  efficiently  compute  the  set  operation  and 
ray  tracing  algorithms  by  localizing  the  search  for  inter¬ 
sections  to  the  regions  where  they  may  occur.  We  discuss 
complexity  issues  and  illustrate  the  performances  of  our 
modelling  system  on  a  variety  of  examples. 

Introduction 

A  generalized  cylinder  is  the  solid  obtained  by  sweeping  a 
surface,  its  cross  section,  along  a  curve,  its  axis,  or  spine. 
The  axis  is  not  necessarily  straight,  or  even  planar;  the 
cross  section  is  not  necessarily  circular,  or  even  constant; 
its  deformation  along  the  axis  is  governed  by  a  sweep¬ 
ing  rule.  Generalized  cylinders  were  intended  to  represent 
primitive  solids,  while  complete  shapes  would  be  repre¬ 
sented  as  part-whole  graphs  of  joined  primitives  [2],  Gen¬ 
eralized  cylinders  have  been  extensively  used  to  represent 
3D  objects  in  computer  vi  non  [13], [15], [23],  The  most  suc¬ 
cessful  vision  system  to  date  using  generalized  cylinders  as 
its  primary  representation  for  three  dimensional  objects  is 
probably  Acronym  [3]. 

Even  in  Acronym,  however,  only  very  restricted  subclasses 

of  generalized  cylinders  are  im|>lemrnfod  I  circular  or  sim¬ 
ple  polygonal  cross  section,  straight  or  circular  spine,  lin- 

Support  for  this  work  was  provided  in  part  by  the  Air 
Force  Office  of  Scientific  Research  under  contract  F33G15-85- 
C-5106  and  by  the  Advanced  Research  Projects  Agency  of  the 
Department  of  Defense  under  Knowledge  Based  Vision  con¬ 
tract  AIaLiS  SjUaj-S-i. 


Figure  1.  Straight  homogeneous  generalized  cylinders.  1-a:  a  solid  of 
revolution,  1-b:  a  SUGC  with  a  star  shaped  cross  section  and  a  sweeping 
rule  which  is  a  polynomial  of  degree  4. 


ear  or  bilinear  sweeping  rule).  Very  restricted  joining  op¬ 
erations  are  considered.  In  fact,  subparts  are  simply  af¬ 
fixed  to  each  other.  On  the  other  hand,  solid  modelling 
systems  have  used  for  years  complex  joining  operations, 
such  as  set  operations  [19], [25],  or  blending  of  surfaces 
[7],  The  primitive  solids  are  in  general  simple  (polyhe- 
dra  bounded  by  a  few  planar  or  quadric  faces),  but  set 
operations  now  extend  to  more  complex  primitives,  such 
as  polyhedra  with  many  planar  faces  [12], [18],  or  solids 
bounded  by  parametric  surface  patches  [4], 

This  paper  reports  progress  in  the  development  of  a  geo¬ 
metric  modelling  system  which  manipulates  a  wide  class 
of  generalized  cylinders  with  the  power  and  flexibility  of 
a  CAD  system.  Our  primitives  are  straight  homogeneous 
generalized  cylinders  (SIlGC’s,  see  [23]).  They  are  gen¬ 
eralized  cylinders  obtained  by  scaling  a  reference  cross 
section  along  a  straight  axis  (Figure  1).  In  the  modelling 
system  presented  here,  the  scaling  function  is  an  arbitrary 
continuous  (C'°)  and  piecewise  continuously  differentiable 
(C1 )  real  function  The  cross  section  is  an  arbitrary  star 
shaped  C°  and  piecewise  Cl  curve  (see  Section  2,  Figure 
‘1). 

The  primitives  are  joined  through  set  operations  (union, 
intersection,  difference).  Ray  tracing  [20], [2G]  is  used  for 
hidden  line/surface  display  of  the  resulting  composite  ob¬ 
jected  V4  jhxJ  tnji  (FJH-i'ig  iJg.jriiJir  hhm  Erwli- 


Figure  2.  The  Box  Tree  representation,  to  each  quadrant  of  a  Quadtree  in 
parameter  space  we  associate  a  box  which  encloses  the  associated  sector. 
At  the  leaf  level,  the  nodes  contain  also  a  representation  of  the  sectors 
themselves 

tionally  very  computationally  expensive  as  they  involve  a 
large  number  of  complex  surface-surface  and  ray-surface 
intersections  computations.  This  is  more  generally  true 
of  any  intersection  algorithm  which  manipulates  complex 
surfaces.  A  recent  approach  [4], [10], [12], [18]  for  speeding 
up  these  algorithms  has  been  to  use  a  hierarchical  repre¬ 
sentation  of  surfaces  to  efficiently  localize  the  search  for 
geometric  intersections  to  the  regions  where  they  may  oc¬ 
cur. 


In  this  paper,  we  follow  an  analogous  approach.  We  intro¬ 
duce  a  novel  hierarchical  representation  for  SIIGC’s  called 
the  Box  Tree  (Figure  2).  It  corresponds  to  a  Quadtree  [22] 
in  parameter  space  and  represents  the  associated  SI1GC 
by  a  hierarchy  of  boxes  enclosing  surface  patches  called 
sectors.  The  Box  Tree  is  an  exact  representation  (i.e.  it 
does  not  involve  any  approximation  of  the  object).  We  use 
it  to  localize  efficiently  the  set  operation  and  ray  tracing 
algorithms.  We  discuss  the  localized  intersections  scheme 
in  more  detail  in  Section  1.  We  define  in  Section  2  a 
SIIGC’s  sector,  the  associated  enclosing  box,  and  build 
the  Box  Tree.  In  section  3  and  4  we  give  the  localized  set 
operation  and  ray  tracing  algorithms.  Complexity  issues 
are  discussed.  Both  algorihms  have  been  implemented  and 
are  illustrated  in  Figures  3, 0,8, 9  and  12. 


Figure  3.  The  display  of  the  union  ui  a  cylinder  and  a  polynomial  SI1GC 
using  ray  tracing  at  the  limbs. 


1.  Localized  intersection  algorithms 

Set  operation  algorithms  for  boundary  representations  of 
solids  can  be  decomposed  into  the  following  steps. 

[1]  Compute  the  list  of  all  the  intersecting  faces  of  both 
solids,  and  associate  to  each  of  them  the  list  of  faces 
it  intersects. 

[2]  Use  this  list  to  compute  the  intersection  curves  and 
cut  the  intersecting  faces  into  non  intersecting  sub¬ 
faces  along  these  curves. 

[3]  The  intersection  curves  partition  th*>  surfaces  of  both 
solids  into  a  set  of  connected  components  (CC’s)  of 
non  intersecting  faces.  Classify  the  CC’s  of  each  solid 
as  being  inside  or  outside  of  the  other  solid. 

The  resulting  solid  is  formed  by  the  appropriate  combi¬ 
nation  of  inside  and  outside  faces  of  both  solids  (e.g.  the 
union  is  made  of  all  the  outside  faces).  Let  5j ,  S2,  and 
S3  be  the  complexities  of  the  three  steps.  The  overall 
complexity  is  S  —  ivax(Si,  S2,  S3). 

Similarly,  ray  tracing  can  be  decomposed  for  each  pixel 
into  the  following  steps: 

[1]  Compute  the  list  of  all  the  faces  intersecting  the  ray 
associated  to  the  pixel. 

[2]  For  each  face  in  this  list,  compute  the  intersection 
point.  Find  the  first  point  along  the  ray  and  use  it  to 
compute  the  intensity  of  the  pixel. 

The  overall  eomp.exity  of  ray  tracing  per  pixel  is  It  = 
mnx(lt\ ,  R-i)  where  ll\  and  R2  are  the  complexities  of  the 
two  steps. 

Suppose  now  that  the  solids’  surfaces  are  represented  by 
polyhedra  whose  n  (possibly  curved)  faces  all  have  compa¬ 
rable  sizes.  To  find  the  intersecting  faces  of  two  solids,  we 
must  compare  all  faces  of  both  solids,  so  S\  is  0(n2).  S2  is 
proportional  to  the  length  of  the  list  of  intersecting  faces. 
For  homogeneous  decompositions,  this  length  is  0(py/n), 
where  p  is  the  perimeter  of  the  intersecting  curves  (the 
area  of  a  surface  grows  as  the  square  of  the  length  of  the 
curves  drawn  on  it).  Finally,  for  each  connected  compo¬ 
nent  CQ,  step  3  involves  classifying  one  face  as  inside  or 
outside  {O(ii)  step,  see  for  example  [11]),  and  then  spread¬ 
ing  this  classification  to  all  the  faces  of  CC,  (0(n,)  step, 
where  n,-  is  the  number  of  faces  of  CQ,  if  we  suppose  that 
accessing  the  neighbors  of  a  face  can  be  done  in  constant 
time).  It  follows  that  S:i  is  O(c.n)  where  c  is  the  number 
of  CC’s.  p  and  c  are  essentially  constants,  so  the  overall 
complexity  of  the  set  operation  algorithm  is  0(n2).  Sim¬ 
ilarly,  for  ray  tracing  all  laces  must  be  tested  against  a 
ray,  so  Hi  is  O(n).  Il2  is  proportional  to  the  essentially 
constant  number  r  of  faces  actually  intersecting  the  ray, 
so  R  is  O(ii). 

In  the  context  of  set  operations,  several  authors  (see  for 
example  [4], [12], [18])  have  suggested  to  use  hierarchical 
surface  representations  to  localize  (he  search  for  intersect- 


And 


e{P i  II)  —  rp(zi  ~  -l  )[{p2sin(8^  —  9)  —  p\sin{8\  —  0)] 
+  Pip-,siv{e-2  -  0i}[/-2(;1  -  r)  -  r,(z2  -  ;)] 

V\e  suppose  from  now  on  that  both  p  and  r  are  C'1  within 
the  sector.  The  local  extrema  of  d  are  located  at  the  points 
where  both  the  partial  derivatives  of  r  are  0.  Let  us  write 
these  derivatives. 

de 

—  =rp  (r2  -  *i)[p2.sf'n(02  -  8)  -  p\sin{8\  -  9) j 

—  rp[z2  -  rj  )[p2cos(02  -  8)  —  pxcos[6\  —  8)] 

de  .  , 

-qZ  =r  p{~i  ~  -i)[/>2S'”(02  -  9)  -  pisin(0i  -  8)} 

-  (r2  -  7'[  )p\  p2sin{82  -  8X) 

As  r  is  strictly  positive,  the  local  extrema  of  d  are  finally 
given  by  the  points  (0,z)  which  verify  the  two  equations: 

p'[p2sin(62  —  9)  —  p\sin{8\  —0)]  = 

=  p[P2Cos(02  -8)  -p\cos{8\  -  8)]  (2) 

r'p{z 2  -  z\)\p2sin{82  -8)-  p\xh)(9]  -  8)\  = 

—  (r2  —  r\)p\p2siit{82  —9\)  (3) 

Notice  that  Equation  (2)  is  an  equation  in  8  only.  It  can 
be  solved  numerically  on  the  interval  [0i,02],  Once  the 
solutions  have  been  computed,  the  corresponding  values  of 
8  can  be  substitued  in  (3),  which  becomes  a  one  parameter 
equation  in  ;.  It  is  solved  the  same  way.  If  no  extremum 
is  found  inside  the  sector,  we  must  look  for  extrema  in  one 
of  the  planes  8  =  0|,  8  =  02,  z  —  Z\,  and  z  =  z2.  This 
is  done  by  substituting  the  right  value  of  z  or  8  in  (2)  or 
(3),  and  solving  this  equation.  Once  the  points  for  which 
the  distance  is  extremum  are  found,  the  actual  distance  is 
computed  from  the  denormalized  distance  by  dividing  it 
by  the  norm  of  n. 

We  can  now  define  the  Box  Tree  as  a  hierarchy  of  boxes. 

Definition:  the  Box  Tree  (Figure  2)  associated  to  a  quad¬ 
rant  Q o  of  a  straight  homogeneous  generalized  cylinder  is 
a  tree  of  degree  4  where  each  node  N  is  associated  to  a 
snbquadrant  Q  of  Q0  in  parameter  space  and  contains  a 
pointer  to  the  associated  box  B.  The  root  is  associated 
to  Q o.  If  a  node  N  is  not  a  leaf,  it  has  four  sons  that 
correspond  to  the  four  subquadrants  of  Q.  The  leaves  of 
the  tree  contain  a  pointer  to  the  associated  sectors. 

The  easiest  way  to  build  the  Box  Tree  associated  to  the 
surface  of  a  SI1GC  as  defined  in  (1)  would  be  to  associate 
the  root  of  a  Box  Tree  to  the  quadrant  Qo  =  [0,  27t]  x 
and  then  subdivide  it  normally.  Unfortunately, 
this  is  impossible,  as  the  box  associated  to  a  sector  is 
defined  only  if  02  —  8\  is  not  7r  or  2zr  (otherwise  the  planes 
6  =  0i,  8  =  02  and  n  are  parallel).  So  we  choose  to 
associate  only  three  sons  to  the  root  of  the  Box  Tree  BT0 
corresponding  to  Q0.  They  are  associated  to  the  three 


Figure  6.  A  polynomial  SHGC,  a  cylinder,  and  their  intersection  curves. 

quadrants  [0,  2tt/3]  x  [z_,  z+],  [2tt/3,  4tt/3]  x  [z_,  z+],  and 
[47r/3,27r]  x  [z_,2+].  In  the  case  where  p  or  r  are  only 
piecewise  C1,  the  root  points  to  as  many  sons  as  there  are 
quadrants  where  p  and  r  are  both  C1. 

Each  of  the  ends  of  a  SIIGC  is  represented  by  the  one- 
dimensional  equivalent  of  the  Box  Tree,  a  tree  of  degree  2 
obtained  by  recursive  subdivisions  of  0  intervals.  Let  BT\ 
and  BT2  be  these  two  trees,  the  root  of  the  Box  Tree  BT 
associated  to  a  SIIGC  points  to  BTq,  BT\ ,  and  BT2.  A 
simple  enclosing  box  (sphere  and  discs)  is  associated  to 
BT  and  each  BT).  In  the  complexity  analyses  of  Section 
3  and  4,  we  will  suppose  that  Box  Tree  nodes  are  always 
subdivided  homogeneously  into  four  subnodes.  We  have 
just  seen  that  this  is  only  an  approximation  at  the  root 
level  of  the  tree,  but  it  doesn’t  change  the  overall  com¬ 
plexity  of  the  algorithms. 

Carlson  [4]  and  Bonce  and  Faugeras  [18]  have  used  very 
similar  representations  for  solids  bounded  by  parametric 
patches  [5]  and  polyhedra.  In  these  representations  how¬ 
ever,  the  total  number  of  nodes  at  the  leaf  level  is  fixed  in 
advance.  It  is  simply  the  total  number  of  faces  (paramet¬ 
ric  patches  or  planar  polygons).  In  our  case,  the  SIIGC  is 
entirely  specified  by  one  analytic  expression,  and  we  don’t 
have  to  subdivide  its  surface  uniformly  into  sectors.  In¬ 
stead,  the  surface  is  subdivided  adaptively,  and  the  Box 
Tree  is  built  at  the  same  time,  during  the  execution  of  the 
intersection  algorithms.  This  is  especially  important  for 
set  operations  (see  Section  3). 

The  Box  Tree  is  an  exact  representation:  it  follows  from 
the  fact  that  the  sectors  associated  to  the  leaves  of  the  tree 
partition  exactly  the  surface  of  the  SIIGC.  No  approxima¬ 
tion  is  made  during  the  localization  step  of  the  Box  Tree 
algorithms.  Approximations  only  occur  during  the  (rela¬ 
tively  cheap)  second  steps  of  both  set  operation  and  ray 
tracing  algorithms  (see  Section  3  and  4).  In  the  current 
implementation,  the  sectors  are  then  replaced  by  approx¬ 
imating  planar  faces  (the  quadrilaterals  ABCD).  Some 
numerical  scheme  could  be  used  instead,  so  this  step  could 
be  tuned  to  achieve  a  given  accuracy  without  recomputing 
the  localization  step.  This  is  an  advantage  of  the  Box  Tree 
over  homogeneous  decompositions,  where  the  resolution  is 
fixed  in  advance. 


i 
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A  last  remark  about  the  Box  Tree:  it  is  the  world  space 
counterpart  of  a  Quadtree  [8], [21], [22], [24]  in  parameter 
space,  “enriched  Dy  some  geometric  uiioii.iatiOii.  ii  .a 
allows  us  to  use  the  classical  analysis  of  Quadtree  al¬ 
gorithms  to  get  an  estimate  of  the  Box  Tree  algorithms 
complexity.  This  will  prove  especially  useful  for  set  opera¬ 
tions  (see  next  Section).  Notice  however  that  although  the 
Box  Tree  is  similar  to  the  Quadtree  in  parameter  space, 
it  is  very  different  from  the  Octree  related  data  structures 
[9] , [1  ij  which  generalize  the  Quadtree  to  3D  space.  The 
Octree  directly  represents  the  volume  of  an  object  and  is 
attached  to  a  given  reference  frame,  while  the  Box  Tree  is 
a  boundary  representation,  and  is  attached  to  the  object 
itself  (in  world  space). 

3.  The  set  operation  algorithm 

We  follow  the  basic  algorithm  described  in  Section  1.  The 
only  difference  with  homogeneous  decompositions  is  in  the 
first  step,  finding  the  intersecting  faces.  The  algorithm  is 
a  direct  generalization  of  the  Strip  Tree  [1]  and  Prism  Tree 
[18]  algorithms.  The  two  trees  are  visited  in  parallel.  At 
a  given  level  of  the  recursion,  two  nodes  are  compared. 
If  their  boxes  don’t  intersect,  then  the  associated  sectors 
don’t  intersect.  The  recursion  stops.  If  the  boxes  intersect 
and  are  thicker  than  a  given  threshold  then  the  thickest 
node  is  subdivided  (to  ensure  that  boxes  of  equivalent  sizes 
are  always  compared,  see  [1]),  and  the  recursion  proceeds. 
In  the  remaining  case,  the  nodes  are  not  subdivided.  They 
are  leaves,  and  the  associated  sectors  are  then  compared 
directly.  If  they  intersect,  the  two  nodes  and  all  their  an¬ 
cestors  are  marked  as  intersecting.  During  the  execution 
of  the  algorithm,  for  each  node,  a  list  of  all  nodes  inter¬ 
secting  it  is  maintained. 


Figure  7.  The  Box  Tree  of  the  polynomial  SIIGC  of  Figure  6  after  the 
computation  of  the  intersection  curves.  The  black  squares  are  intersecting 
leaves.  _ _ _ _ 

We  now  give  a  procedural  version  of  the  algorithm.  We 
assume  we  have  the  following  functions. 

Boxes-Inierseei(Ni,  N2)  returns  true  ifT the  boxes  associ¬ 
ated  to  the  nodes  Ai  and  A 2  intersect.  Seetors-Inierseet 
( jVj  ,  A2)  returns  true  iff  the  sectors  associated  to  the  no¬ 
des  iV)  and  A2  intersect.  This  function  in  particular  de¬ 
pends  on  the  implementation:  it  may  test  directly  planar 
approximations  to  the  actual  surfaces  (as  in  the  current 


implementation),  or  use  a  numerical  scheme  to  compute 
the  actual  surface  intersection  between  the  sectors.  The 
pioctduit  Sd>diuld  (A)  builds  lb,  jf  lire  ode  » 
after  having  checked  that  these  sons  don’t  already  exist 
Notice  that  all  these  functions  can  be  executed  in  essen¬ 
tially  constant  time. 

Procedure  Find- Box-Trees- Inter seetincj- Nodes  (N\,  A 2); 
begin 

if  Boxes-Intersccl  (N\ ,  A2)  then 
begin 

if  (N\  1  .thickness  <  c)  and  (A2  1  .thickness  <  e) 
and  Seetors-Inierseet  (A),  N2) 
then  begin 

Ni  |  .Mark  *—  Inter ;  N2  j  .Mark  <—  Inter ; 

A]  j  .Intersecting- Nodes 

«—  N\  |  .Intersecting-Nodes  +  A2; 

N2  j  .Inter seeling- Nodes 

<—  N2  ]  . Intersecting- Nodes  +  N\ 

end 

else  (*  The  recursion  proceeds  *) 
if  Ai  j  .thickness  >  N2  |  .thickness 
then  begin 
Subdivide{N\ ); 
for  S\  in  N\  j  .Sons  do 
begin 

F  ind-  Box-Trees- Inter  seeling-  A  odes  (S  i,  A2); 
if  (Si  j  Mark  —  Inter  section) 
then  A)  ]  .Mark  <—  Intersection 
end 
end 

else  begin 
Subdivide(N2)\ 
for  S2  in  N2  ]  .Sons  do 
begin 

Find-Box-Trces-Inlerseeling-N odes  (N\ ,  S2); 
if  (S2  ]  .Mark  =  Intersection) 
then  No  t  Mark  <—  Intersection 
end 
end 

end 

end; 

Figure  6  shows  an  example  of  the  application  of  the  al¬ 
gorithm  to  the  computation  of  the  intersection  curves  of 
a  SIIGC  with  a  polynomial  sweeping  rule  and  a  cylinder. 
Figure  7  shows  the  Box  Tree  associated  to  the  polynomial 
SIIGC,  and  Figure  8  shows  the  set  operations  between 
these  two  objects.  Finally  Figure  9  shows  an  example  of 
set  operations  between  a  SIIGC  with  edges  and  two  cylin¬ 
ders.  We  now  use  the  analogy  between  the  Box  Tree  and 
the  Quadtree  and  the  classical  analysis  of  [8]  for  Quadtree 
algorithms  to  get  the  complexity  of  the  set  operation  .al¬ 
gorithm. 

Hunter  and  Steiglitz  [8]  describe  an  algorithm  for  com¬ 
puting  the  Quadtree  for  a  polygon,  i.e.  a  Quadtree  such 
that  only  nodes  intersecting  the  boundary  of  a  polygon 
have  children,  and  all  nodes  are  colored  either  inside,  out- 


Figure  ft  The  set  operations  between  a  polynomial  SHGC  and  a  cylinder 


side,  or  intersection.  In  our  case,  after  having  computed 
the  intersection  curves,  the  Box  Tree  can  he  condensed. 
In  other  terms,  nodes  all  of  whose  children  are  non  in¬ 
tersecting  nodes  can  he  marked  as  non  intersecting  (this 
additional  step  is  required  because  two  boxes  can  intersect 
although  the  corresponding  sectors  don’t  intersect,  so  two 
intersecting  nodes  may  have  only  non  intersecting  chil¬ 
dren).  After  classification  of  the  non  intersecting  nodes, 
the  Box  Tree  is  then  exactly  equivalent  in  parameter  space 
to  the  Quadtree  for  polygon  of  t lie  intersection  curves. 

The  analysis  of  Hunter  and  Steiglitz  for  Quadtrees  for 
polygons  applies.  They  show  that  the  total  number  of 
nodes  in  the  tree  is  ()(p.2q)  where  p  is  the  perimeter  of 
the  intersection  cnrve(s),  and  q  is  the  depth  of  the  tree.  In 
fact,  here  p  is  the  perimeter  in  parameter  space.  For  well 
behaved  surfaces,  the  perimeter  in  world  space  is  propor¬ 
tional  to  the  perimeter  in  parameter  space,  and  the  com¬ 
plexity  in  world  space  stays  the  same.  The  actual  number 
of  nodes  built  during  the  set  operations  algorithm  may 
in  fact  he  slightly  higher,  as  some  nodes  have  to  be  con¬ 
densed.  Figure  10  shows  on  au  example  that  the  total 
number  of  nodes  is  in  fact  approximatively  a  linear  func¬ 
tion  of  2'1 ,  ns  predicted.  The  total  number  of  intersecting 
sectors  is  bounded  by  the  total  number  of  nodes.  T  his 
implies  that  ,S'2  and  ,S';)  are  both  0(p. 2q). 

The  number  of  nodes  in  each  tree  gives  a  lower  bound 
to  the  complexity  of  the  set  operation  algorithm.  Once 
again,  we  can  use  Hunter’s  and  Steiglitz’s  analysis  to  get 
ail  idea  of  the  complexity  of  the  localization  step.  They 
show  that  the  subdivision  of  the  intersecting  nodes  (anal¬ 
ogous  to  our  localization  step)  also  has  a  0(p.2q)  complex¬ 
ity.  J  he  localization  stop  can  be  slightly  more  expensive 
than  the  subdivision  step  for  Quadtrees,  as  a  node  may 
intersect,  several  other  nodes,  and  some  intersecting  boxes 


Figure  9.  An  example  of  set  operations  between  a  SHGC  with  edges  and 
cylinders.  The  resulting  solid  is  displayed  by  using  a  z-bufler  algorithm  to 
render  an  approximation  of  the  sectors  by  planar  faces, 

don’t  actually  correspond  to  sectors’  intersections.  If  we 
assume  most  of  them  do,  St  is  0(p.2q).  Figure  11  shows 
on  an  example  that  the  number  of  intersections  follows 
approximatively  this  law. 

Our  analysis  shows  that  the  total  complexity  of  the  set 
operation  algorithms  is  approximatively  0(p.2q).  Notice 
that  if  we  had  used  an  homogeneous  decomposition  of 
the  surface,  the  total  number  of  sectors  per  object  would 
have  been  0(4q),  so  the  complexity  of  our  algorithm  is 
0(\/n),  where  n  is  the  equivalent  number  of  faces  for  an 
homogeneous  decomposition.  The  computing  time  on  a 
lisp  machine  is  2  minutes  for  the  complete  set  operation 
algorithm.  Notice  that  the  number  of  intersections  at  the 
deepest  level  of  the  tree  is  only  930],  although  the  total 
number  of  faces  for  each  tree  would  be  more  than  25000 
if  a  homogeneous  decomposition  was  used. 


Figure  10  I  lie  total  number  of  nodes  in  the  Hox  Tree  of  the  polynomial 
SlK.f*  of  Figure  f» ,  drawn  as  a  function  of  S7 


4.  The  ray  tracing  algorithm 

The  basic  algorithm  is  analogous  to  the  algorithms  for 
fractals  [10]  and  Prism  Trees  [18]:  at  a  given  level,  test 
the  ray  against  a  node.  If  it  does  not  intersect  its  box,  the 
recursion  stops.  Otherwise,  the  recursion  proceeds.  Test 
the  ray  against  the  fours  sons  of  the  node,  and  update  a 
sorted  active  list,  of  intersecting  nodes.  At  the  leaf  level, 
compare  directly  the  sectors  of  the  active  list  to  the  ray. 
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Figure  1 1,  The  number  of  intersection  tests  for  the  set  operations  between 
the  S1IGC  and  the  cylinder  of  Figure  6,  drawn  as  a  function  of  27 

the  visible  point  corresponds  to  the  first  intersection.  In 
fact  this  algorithm  can  be  improved  by  observing  that, 
as  the  boxes  associated  to  the  sons  of  a  node  are  convex 
and  disjoint,  they  can  always  be  sorted  from  front  to  back 
along  the  ray.  The  trick  of  the  algorithm  is  to  explore  the 
tree  in  a  depth  first  manner,  always  visiting  the  sons  of  a 
node  from  front  to  back.  This  way,  the  first  intersection 
found  is  guaranteed  to  be  the  good  one.  No  active  list 
is  needed,  and  in  the  ideal  case  only  one  branch  of  the 
tree  is  visited.  Again,  we  give  a  procedural  version  of  the 
algorithm.  We  assume  we  have  the  following  functions: 
Sort- Intersect ions(Ray,  N)  computes  the  intersections  of 
the  ray  Ray  with  the  boxes  associated  to  the  sons  of  N  and 
returns  the  list  of  those  intersections,  sorted  in  increasing 
depth  order.  Sector-Raycast(Ray,  N)  returns  the  inter¬ 
section  of  Ray  and  the  sector  associated  to  N  (or  nil  if  no 
such  intersection  exists).  Again,  this  function  may  either 
compute  the  intersection  of  the  ray  and  an  approximat¬ 
ing  planar  face,  or  compute  the  actual  intersection.  In 
the  current  implementation,  it  computes  the  intersection 
with  the  approximation,  but  the  normal  at  the  point  is 
interpolated  to  yield  a  more  precise  value  of  the  intensity. 

Function  Box-Tree- Raycast  (Ray,  Node)  :  point ; 
begin 

Intersection-Point.  *—  nil; 
if  Node  ]  .thickness  <  c 
then  (Test  ray  against  sector.  Stop  recursion*) 
Intersection- Point  «—  Sector-  Raycast  (Ray,  Node) 
else  begin  (*Proceed.  Test  and  sort  sons.*) 
Svbdivide(Node)', 

Sorted- Sons- List 

*—  Sort-Intersections  (Ray,  N ode  f  .Sons)', 

Head- List  Sorted-Sons-List ; 

while  (Head-List  ^  nil)a»d(not  Inter  sect  ion- Point) 
do  begin 

I  liter  section- Point 

<—  Box-Tree- Ilaycast(Ray,  Ilead-List  |  . Node ); 

Head-List  <—  Head-List  |  .next 

end; 

end;  v 

Box-Tre.c-Raycast  <—  Intersection-Point', 
end; 


Figure  12  The  ray  traced  image  of  a  scene  made  of  SHGC’s. 


Let  us  again  try  to  analyze  the  complexity  of  the  algo¬ 
rithm.  In  the  ideal  case  the  first  branch  of  the  tree  visited 
leads  lo  an  intersecting  sector.  The  complexity  in  this 
case  is  proportional  to  the  depth  q  of  the  tree  for  each 
ray.  Equivalently,  it  is  O(logn)  where  .  is  the  number  of 
faces  of  the  equivalent  homogeneous  decomposition.  This 
time,  the  complexity  of  the  construction  of  the  tree  is  dif¬ 
ferent,  as  it  is  likely  that  all  the  surface  of  the  SHGC  has 
to  be  subdivided  up  to  the  same  level.  This  leads  to  a 
linear  complexity  in  the  number  of  faces,  but  the  tree  is 
computed  just  one  time  for  all  the  image  rendering. 

Figure  12  shows  the  shaded  ray  traced  image  of  a  scene 
made  of  SHGC’s.  Notice  the  shadows.  This  image  has 
been  computed  at  a  512  x  512  resolution,  with  anti  alias¬ 
ing  at  the  boundary  between  objects  (using  a  double  res¬ 
olution  there).  The  maximum  depth  of  the  tree  is  G,  so 
the  number  of  equivalent  polygons  is  around  40000.  The 
computing  time  on  a  lisp  machine  is  3  hours.  Figure  13 
shows  the  average  number  of  intersection  tests  per  ray 
traced  as  a  function  of  resolution  for  the  example  of  Fig¬ 
ure  12.  In  this  case,  the  shadows  are  not  computed.  The 
figure  shows  that  the  number  of  intersections  is  roughly 
proportional  to  the  depth  of  the  tree,  as  predicted  by  the 
analysis. 

Finally,  Figure  3  shows  the  limbs  and  intersection  curves 
of  the  union  of  a  polynomial  SIIGC  and  a  cylinder,  ren¬ 
dered  by  using  ray  tracing  at  the  limbs  and  intersection 
curves  only.  The  limbs  are  computed  by  using  the  method 
described  in  [16].  The  advantage  of  this  method  is  its  effi¬ 
ciency:  the  ray  tracing  is  computed  only  on  a  few  curves, 
instead  of  all  the  image  pixels.  It  is  particularly  suited  for 
line  drawings,  with  a  CPU  time  of  about  5  minutes  on  a 
lisp  machine. 

Conclusion 

We  have  presented  the  Box  Tree,  a  new  hierarchical  repre¬ 
sentation  for  straight  homogeneous  generalized  cylinders 
and  have  used  it  to  efficiently  compute  set  operations  and 
ray  tracing.  The  bulk  of  this  paper  was  dedicated  to 
graphics  problems.  The  modelling  system  presented  here, 
however,  has  been  developped  in  the  context  of  vision.  It 
will  be  used  to  predict  observable  features  in  the  images 
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of  the  modelled  objects.  For  example  we  have  shown  else¬ 
where  [1G],[17]  how  the  model  of  a  SIIGC  could  be  used  to 
predict  its  ribbons  and  find  its  axis  in  real  images.  More¬ 
over,  when  several  primitives  are  combined  through  set 
operations,  the  intersection  curves  between  the  surfaces 
of  the  primitives  generate  observable  intensity  discontinu¬ 
ities  in  images.  The  set  operation  algorithm  described  in 
Section  3  can  be  used  to  compute  these  curves  and  pre¬ 
dict  the  properties  of  their  projections  in  images.  Finally, 
we  believe  that  a  wider  class  of  generalized  cylinders  and 
joining  operations  are  necessary  to  model  classes  of  real 
objects.  Our  next  step  will  be  to  investigate  the  represen¬ 
tation  of  other  primitives  (for  example  generalized  cylin¬ 
ders  whose  spine  is  a  space  curve,  or  whose  cross  section  is 
no,  orthogonal  to  the  axis,  see  [17])  and  joining  operations 
(like  blended  surfaces  and  articulations). 
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Abstract 

Line-drawings  corresponding  to  orthographi- 
cally  projected  images  of  man-made  scenes  often 
exhibit  instances  of  straight-lines  and  conic- 
sections,  i.e.,  ellipses,  parabolas,  and  hyperbolas. 
We  investigate  constraints  imposed  on  the  scene  by 
such  instances  under  the  assumption  of  general 
viewpoint,  i.e.,  under  the  assumption  that  the  pro¬ 
perties  of  the  mapping  of  the  viewed  surface  onto 
the  line-drawing  are  stable  under  perturbaiion  of  the 
viewpoint  within  some  open  set  on  the  Gaussian 
sphere.  The  viewed  surfaces  are  assumed  to  be 
piecewise  C3.  The  main  results  of  this  paper  are 
that  straight-lines,  ellipses,  parabolas,  and  hyperbo¬ 
las  in  line-drawings  are  orthographic  projections  of 
scene-edges  which  are  also  straight-lines,  ellipses, 
parabolas,  and  hyperbolas,  respectively.  Further, 
continuous-surface-tangent  depth  discontinuities 
which  orthographically  project  onto  straight-lines 
can  be  described  locally  by  developable  surfaces,  and 
those  whicu  orthographically  project  onto  conic- 
sections  can  be  described  locally  by  quadric  sur¬ 
faces.  It  is  also  shown  that  scene  events  which 
orthographically  project  onto  straight-lines  or 
conic-sections  cannot  be  combinations  of 
viewpoint-independent  and  viewpoint-dependent 
edges. 

I.  Introduction 

Line-drawings  are  representations  of  edges  in 
an  image.  An  edge  in  an  image  may  be  caused  by 
various  events  in  the  scene.  The  scene-event  may 
be  a  surface-tangent  discontinuity,  a  depth  discon¬ 
tinuity,  a  surface-reflectance  discontinuity  or  an 
illumination  discontinuity  (shadow).  Fig.  1  illus¬ 
trates  the  various  cases.  Notice  that  a  depth 


discontinuity  may  also  simultaneously  be  a 
surface-tangent  discontinuity.  We  distinguish  this 
from  a  continuous-surface-tangent  depth  discon¬ 
tinuity.  While  surface-tangent  discontinuities, 
illumination  discontinuities,  and  surface-reflectance 
discontinuities  constitute  viewpoint-independent 
scene-edges,  continuous-surface-tangent  depth 
discontinuities  are  viewpoint-dependent. 

Although  the  depth  information  is  lost  under 
projection,  we  can  nevertheless  impose  some  con¬ 
straints  on  the  3-D  scene  by  investigating  the  2-D 
configuration  of  the  corresponding  line-drawing. 
We  restrict  our  attention  to  orthographic  projection 
here.  Orthographic  projection  is  a  reasonable 
approximation  to  perspective  projection  whenever 
the  angle  subtended  by  the  object  at  the  viewpoint 
is  small.  Orthographically  projected  line-drawings 
of  man-made  scenes  often  exhibit  instances  of 
straight-lines  and  conic-sections,  i.e.,  ellipses,  parar 
bolas,  and  hyperbolas.  We  investigate  constraints 
imposed  on  the  scene  by  such  instances  under  the 
assumption  of  general  viewpoint,  i.e.,  under  the 
assumption  that  the  mapping  of  the  viewed  surface 
onto  the  line-drawing  is  stable  under  perturbation 
of  the  viewpoint  within  some  open  set  on  the  Gaus¬ 
sian  sphere1.  The  stability  we  demand  includes  the 
requirement  that  the  categorization  of  the  curve  in 
the  line-drawing  as  a  straighb-line,  ellipse,  parabola, 
or  hyperbola,  be  preserved  under  perturbation  of 
viewpoint.  Other  properties  of  the  mapping  with 
respect  to  which  we  require  stability  will  be  men¬ 
tioned  as  we  proceed.  As  long  as.  the  total  number 


1  The  Gaussian  sphere  is  a  device  to  represent  orienta¬ 
tion  in  space.  Each  point  on  a  unit  sphere,  called  the 
Gaussian  sphere  (see  [Hilbert  and  Cohn-Vossen,  1052|), 
corresponds  to  the  unit  vector  from  the  center  of  the 
sphere  to  that  point. 


of  such  requirements  is  finite,  the  set  of  viewing 
directions  on  the  Gaussian  sphere  where  the  general 
viewpoint  assumption  is  iiiYaiid  li  ufuStd  aim  Las 
measure  zero'*.  It  should  be  noted  that  given  the 
loss  of  information  about  the  third  dimension  under 
projection,  one  cannot  hope  to  make  any  substan¬ 
tial  deductions  about  the  imaged  surfaces  without 
the  general  viewpoint  assumption. 

It  is  easy  to  see  that  the  only  space  curves 
which  orthographically  project,  under  general 
viewpoint,  to  straight-lines,  ellipses,  parabolas,  or 
hyperbolas  are  those  which  belong  to  the 
corresponding  family.  This  observation,  however, 
pertains  only  to  all  viewpoint-independent  scene- 
edges.  The  situation  is  more  subtle  for  continuous- 
surface-tangent  depth  discontinuities  where  the 
viewing  direction  is  tangential  to  the  surface.  To 
illustrate  this,  we  present  in  F  ig.  2  an  instance  of  a 
C1  curve  in  a  line-drawing  which  is  the  ortho¬ 
graphic  projection  of  a  C  0  curve  in  space.  The  sur¬ 
face  in  the  figure  consists  of  a  hemisphere  smoothly 
joined  to  one  end  of  a  right  circular  cylinder. 

We  examine  lines  resulting  from  depth  discon¬ 
tinuities  here.  All  viewpoint-independent  edges  can 
be  included  in  the  following  analysis  by  assuming, 
without  any  loss  of  generality,  all  non-depth  discon¬ 
tinuities  to  be  replaced  by  discontinuous-surface- 
tangent  depth  discontinuities.  Such  a  replacement 
retains  the  viewpoint-independent  character  of  the 
scene-edges  while  making  them  amenable  to 
analysis  as  depth  discontinuities.  It  will  turn  out 
that  combinations  of  viewpoint-independent  and 
viewpoint-dependent  scene-edges  cannot  ortho- 

2  An  arbitrary  set  in  any  manifold  has  measure  zero  if 
its  preimage,  for  every  local  parametrization,  can  be 
covered  by  a  countable  number  of  rectangular  solids  with 
an  arbitrarily  small  total  volume  in  Euclidean  space.  For 
our  purposes  it  suffices  to  note  that  the  Gaussian  sphere  is 
a  two  dimensional  manifold  and  consequently  all  sets  or 
points  and  lines  on  it  have  measure  zero.  The  null  set  of 
course  has  measure  zero.  On  the  other  hand,  no  open  set 
on  the  Gaussian  sphere  has  measure  zero. 

It  can  be  shown  that  the  union  of  a  countable 
number  of  sets  of  measure  zero  is  also  of  measure  zero  (see 
(Guillemin  and  Pollack,  1074] ).  Therefore,  the  union  of  a 
finite  number  of  closed  sets  oT  measure  zero  is  closed  and 
of  measure  zero.  The  complement  of  such  a  union  is  open 
and  of  full  measure. 


graphically  project  to  straight-lines  or  conic- 
sections  under  general  viewpoint.  Pairs  of  straight- 
lines  ate  thP  m!e.  These  afe  Jeg.n 

erate  conic-sections  which  may  have  one  of  the  two 
lines  viewpoint-independent  while  the  other  is 
viewpoint-dependent.  Throughout  our  discussion 
we  will  treat  pairs  of  straight-lines  to  be  instances 
of  straight-lines  rather  than  of  conics. 

II.  Preview  of  Results 

We  summarize  here  the  results  of  this  paper. 
It  is  assumed  that  the  projected  surfaces  are  piece- 
wise  C3,  i.e.,  the  surfaces  comprise  finitely  many 
C3  patches,  each  bounded  by  a  finite  piecewise  C3 
curve.  This  restriction  does  not  significantly  con¬ 
strain  the  domain  as  long  as  we  do  not  require  a 
priori  knowledge  of  the  C3  surface-patch  boun¬ 
daries.  The  other  assumptions  are  explicitly  stated 
in  the  theorems.  The  straight-lines  and  conic- 
sections  in  the  line-drawing  need  not  be  continuous 
for  the  theorems  to  be  valid,  i.e.,  the  constraints 
imposed  on  the  viewed  surface  hold  even  if  the 
curves  in  the  line-drawing  are  fragmented. 

Theorem  1  Straight-lines  in  a  line-drawing 
obtained  under  orthographic  projection  with  a  gen¬ 
eral  viewpoint  are  projections  of  straight-lines  in 
space. 

Theorem  2  :  Ellipses,  parabolas  and  hyperbolas  in 
a  line-drawing  obtained  under  orthographic  projec¬ 
tion  with  a  general  viewpoint  are  projections  of 
ellipses,  parabolas  and  hyperbolas,  respectively,  in 
space. 

Theorem  3  :  Circles  in  a  line-drawing  obtained 
under  orthographic  projection  with  a  general 
viewpoint  are  projections  of  circles  in  space  which 
are  confined  to  lie  in  planes  parallel  to  the  image 
plane. 

Theorem  4  :  Scene  events  which  orthographically 
project,  under  general  viewpoint,  onto  straight-lines 
or  conic-sections  in  line-drawings  must  either  be 
completely  viewpoint-independent  or  completely 
viewpoint- dependent. 

Theorem  5  :  Continuous-surface-tangent  depth 

discontinuities  which  orthographically  project,  under 
general  viewpoint,  onto  straight-lines  in  line- 


drawings  can  be  described  locally  by  developable  sur¬ 
faces. 

Theorem  6  :  Continuous-surface-tangent  depth 
discontinuities  which  ortho  graphically  project,  under 
general  viewpoint,  onto  conic-sections  in  line- 
drawings  can  be  described  locally  by  quadric  sur¬ 
faces.  Specifically,  continuous-surface-tangent 
depth  discontinuities  projecting  onto  ellipses  by 
ellipsoids  or  hyperboloids  of  one  sheet,  onto  parabo¬ 
las  by  elliptic  paraboloids  or  hyperbolic  paraboloids, 
and  onto  hyperbolas  by  hyperboloids  of  one  sheet  or 
hyperboloids  of  two  sheets.  Furthermore,  these  qua¬ 
dric  surfaces  are  completely  determined,  up  to  three 
degrees  of  freedom,  by  the  conic-sections  in  the 
line-drawings. 

Theorem  7  :  Depth  discontinuities  which  ortho- 
graphically  project,  under  general  viewpoint,  onto 
circles  in  line-drawings  can  be  described  locally  by 
spheres  whose  radii  are  identical  to  the  radii  of  the 
circles  in  the  line-drawings. 

Section  111  provides  a  formulation  for  the 
geometry  of  the  problem.  The  results  derived 
within  are  used  throughout  the  rest  of  the  paper. 
Sections  IV,  V  and  VI  discuss  straight-lines,  conic- 
sections,  and  circles,  respectively.  In  section  Vll  we 
extend  the  results  derived  in  the  preceding  sections. 
We  conclude  with  section  Vlll. 

HI.  Preliminaries 

We  begin  by  formulating  the  geometry  of  the 
problem  before  we  get  down  to  the  theorems  and 
their  proofs.  The  viewed  surface  is  assumed  to  be 
piecewise  C'3.  A  piecewise  C3  surface  is  defined  (o 
comprise  finitely  many  C3  patches,  each  bounded 
by  a  finite  piecewise  C3  curve. 

Consider  the  projection  geometry  shown  in 
Fig.  3.  The  projection  direction  is  along  the  z-axis. 
The  figure  also  shows  a  curve  which  results  from 
the  intersection  of  the  viewed  surface  with  a  plane 
parallel  to  the  y-z  plane.  The  depth  discontinuity, 
say  ( x,  ,  y j  ,  Zj  ),  which  lies  on  this  curve  has  its 
tangent  oriented  along  the  direction  of  projection. 

If  we  perturb  the  viewpoint  by  the  counter¬ 
clockwise  angle  A  about  the  x  axis,  it  is  clear  that 
the  depth  discontinuity  before  perturbation  of 


viewpoint  may  no  longer  remain  a  depth  discon¬ 
tinuity.  Fig.  4  shows  the  original  depth  discon¬ 
tinuity  (yj  ,  Zj  )  and  the  new  depth  discontinuity 
(.vi/  i  zi '  )  which  lies  on  the  same  cross-sectional 
curve.  Note  that  the  new  discontinuity  is  expressed 
in  the  perturbed  frame  of  reference  which  has  its 
z-axis  oriented  along  the  new  projection  direction. 

Let  the  curvature  of  the  cross-sectional  curve 
at  (-vi  >  zi  )  be  /cxi  ,  where  the  subscript  x  refers  to 
the  liue  in  the  x-y  plane  about  which  the  viewpoint 
is  perturbed,  i.e.,  the  x-axis.  We  need  to  interpret 
Kii .  As  shown  in  Fig.  3,  the  surface  cross-section 
normal,  in  general,  forms  a  non-zero  angle  with  the 
surface  normal  at  the  same  point.  Let  us  call  this 
angle  <j>ti .  The  subscript  x  on  <f>  indicates  that  it  is 
a  function  of  the  axis  about  which  the  viewpoint  is 
perturbed.  Then,  we  may  write  Kti  =  k, /cos0l( 
(see  [Lipschutz,  1969))  where  k,  is  the  normal  cur¬ 
vature  of  the  surface  in  the  projection  direction  at 
the  point  (xj  ,  Vj  ,  Zj  ).  The  radius  of  curvature  of 
the  cross-sectional  curve  at  the  depth  discontinuity 

is  r„- == -  and  so  we  have  the  equivalent  relation 

Kjj 

rii '  =  ri  cos <f> where  r,  =  -5-  is  the  radius  of 

Ki 

normal  curvature  in  the  projection  direction. 

In  case  of  a  tangent  discontinuity  on  the 
cross-sectional  curve  at  (y,  ,  Zj  ),  we  may  let 
«:J(  -+oo  and  all  the  following  analysis  will  remain 
valid.  If  the  cross-sectional  curve  has  a  curvature 
discontinuity  at  (y,  ,  z,  ),  then  we  assume  k„  to 
take  on  one  of  the  two  limiting  values  depending  on 
which  side  of  the  original  depth  discontinuity  the 
perturbed  depth  discontinuity  lies3.  This  remark 
will  be  further  clarified  as  we  proceed.  It  will  be 
shown  later  that  for  orthographic  projections  which 
are  conic-seciions  under  general  viewpoint,  curva¬ 
ture  discontinuities  are  disallowed  at  the  depth 
discontinuities.  For  straight-lines,  on  the  other 

3  It  is  implicitly  assumed  here  that  the  projection  direc¬ 
tion  is  not  tangential  to  the  boundary  of  a  C  3  surface 
patch  at  any  depth  discontinuity.  Observe  that  the  set  of 
orientations  which  are  tangential  to  any  boundary  is  closed 
and  of  measure  zero  on  the  Gaussian  sphere.  As  the 
number  of  boundaries  is  finite,  the  union  of  such  sets  is 
also  closed  and  of  measure  zero.  Hence,  the  assumption  is 
valid  under  general  viewpoint. 
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hand,  it  will  be  shown  that  we  must  either  have 
curvature  discontinuities  at  the  depth  discontinui¬ 
ties  on  every  cross-sectional  curve  or  at  none. 
However,  even  here  the  viewpoint  will  turn  out  to 
be  non -general  in  that  the  set  of  such  viewpoints  is 
closed  and  of  measure  zero. 

It  is  reasonable  to  assume  that  Kxi  7^0.  The 
justification  for  this  assumption  will  be  presented 
below.  Then,  ignoring  higher  order  terms,  we  could 
describe  the  local  cross-sectional  curve  about 
(y,  ,  Zj  )  as  follows. 

(y  -  y.)  =  - z,  )2  U) 

Perturbation  of  the  reference  frame  causes  the  fol¬ 
lowing  transformation  of  coordinates. 

x  — v  x 1 

y  —*■{/'  cosA  --  2 1  sin  A 
z  -+  y 1  sin  A  +  z 1  cosA 

Equation  (1)  will  then  read 
(y 1  cosA  -  2  '  sin  A  -  y, ) 

=  ~JKti  {y  '  sin  A  +  2 1  cosA  -  Z{  )2  .  (2) 

The  higher  order  terms  may  be  tentatively 
neglected  because  their  contribution  becomes  rela¬ 
tively  insignificant  as  the  dze  of  the  perturbation  is 
reduced.  However,  it  may  turn  out  that  we  are 
unable  to  satisfy  our  requirements  by  only  con¬ 
straining  the  local  tangents  and  curvatures.  In  that 
case  we  would  have  to  include  the  higher  order 
terms  in  our  analysis. 

The  new  depth  discontinuities  under  pertur¬ 
bation  of  viewpoint  can  be  found  by  equating 
(qV  j d z1  )  in  equation  (2)  to  zero.  This  leads  to 
equation  (3)  where  (yj  1  ,  Z; 1  )  are  the  coordinates 
of  the  new  depth  discontinuity  corresponding  to  the 
original  depth  discontinuity  with  the  same  x- 
coordinate.  Equation  (4)  is  obtained  by  substitut¬ 
ing  for  the  equality  (3)  in  equation  (2). 

y, 1  sin  A  +  zt'  cosA  =  z, - tan  A  (3) 

Kj,' 

y/  cosA -2,'  sin  A  =  y,  +  — - — tan2A  (4) 

2kxi 

Using  (3)  and  (4),  and  making  the  substitution 

r  i  =  — — ,  we  finally  express  the  new  depth  discon- 
Kj  i 


tinuities  as  follows. 

x  i'  =  *i  (5) 

J/i 1  —  (Vi  +  zi  fanA  — y r„  tan2A)cosA 

Zj 1  =  (zj  -  yt  tan  A  -  rxi  tan  A  — jrxi  tan3A)cosA 

Before  proceeding  to  the  next  section,  we 
present  a  justification  for  the  assumption  that 
KXj  7^0.  The  reader  may  wish  to  postpone  going 
through  this  argument  till  later.  First,  it  can  be 
argued  that  Kxi  is  either  zero  all  along  the  depth 
discontinuity  curve  or  it  is  not  zero  anywhere  along 
it.  The  reason  for  this  is  that,  under  perturbation 
of  viewpoint,  points  with  non-zero  kxi  move  an 
order  of  magnitude  slower  than  points  with  zero 
Kxi .  Hence,  if  kxi-  were  not  uniformly  zero  or  non¬ 
zero  along  the  depth  discontinuity  curve,  then  the 
projection  would  not  remain  a  straight-line  or 
conic-section  under  perturbation  of  viewpoint.  This 
argument  could  be  made  more  formal  only  after  the 
presentation  of  the  following  two  sections.  Next, 
we  argue  that  Kxi  cannot  be  zero  all  along  the 
depth  discontinuity  curve,  for  a  general  viewpoint. 
If  any  of  the  cross-sectional  curves  has  a  tangent 
discontinuity  at  the  depth  discontinuity,  then  kx, 
will  be  non-zero  there.  Let  us  assume  that  this  is 
not  so,  i.e.,  Kxi  is  zero  all  along  the  depth  discon¬ 
tinuity  curve  and  the  surface-tangent  is  continuous 
along  this  curve.  Then,  no  depth  discontinuity  on 
any  cross-sectional  curve  will  remain  a  depth 
discontinuity  under  perturbation  of  viewpoint.  It 
follows  that,  under  general  viewpoint,  there  must 
exist  open  intervals  on  the  depth  discontinuity 
curve  which  lie  within  the  interior  of  C3  patches 
Now,  every  non-boundary  depth  discontinuity  point 
belongs  to  one  of  the  following  categories  :  elliptic, 
parabolic,  hyperbolic  or  planar  (see  [Lipschutz. 
1969]).  Because  every  planar  depth  discontinuity 
must  transit  to  a  non-planar  depth  discontinuity 
under  perturbation  of  viewpoint4,  we  will  always 

4  Planar  points  form  closed  sets  on  the  surface.  A  great 
circle  on  the  Gaussian  sphere  describes  the  viewing  direc¬ 
tions  for  which  points  in  any  one  such  set  may  lie  on  a 
depth  discontinuity  curve.  As  every  great  circle  on  the 
Gaussian  sphere  is  a  closed  set  of  measure  zero,  the 
described  transition  must  occur  under  perturbation  of  the 
viewpoint. 
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have  some  open  interval  on  the  depth  discontinuity 
curve  which  lies  within  some  open  surface  set  con¬ 
sisting  solely  of  elliptic,  parabolic,  or  hyperbolic 
Points.  In  case  one  such  elliptic  patch  exists,  k,, 
and  therefore  k ,  cannot  be  identically  zero  along 
the  depth  discontinuity  curve.  In  case  of  a  para¬ 
bolic  patch,  each  point  has  only  one  direction  in 
which  the  surface  curvature,  k,  ,  is  zero.  Consider 
the  cross-sectional  curve,  of  the  type  shown  in  Fig. 
t,  on  which  one  such  point  lies.  Because  our  para¬ 
bolic  surface  patch  is  C3,  the  asymptotic  directions 
along  the  cross-sectional  curve  must  either  map 
onto  a  point  or  a  C  *  curve  on  the  Gaussian  sphere. 
In  either  case,  Kt  along  the  cross-sectional  curve 
can  be  zero  only  for  a  closed  set  of  measure  zero  on 
the  Gaussian  sphere.  Therefore,  kx1  cannot  be 
identically  zero  along  the  depth  discontinuity 
curve,  under  general  viewpoint.  An  identical  argu¬ 
ment  holds  for  hyperbolic  points,  except  that  now 
we  consider  two  separate  mappings,  one  for  each  of 
the  asymptotic  directions.  In  this  case,  the  desired 
result  follows  from  the  observation  that  the  union 
of  two  closed  sets  of  measure  zero  is  also  closed  and 
of  measure  zero.  This  completes  the  argument  that 
for  a  piecewise  C3  surface  and  a  general  viewpoint, 
Kn  *s  n°f  zero  at  any  point  on  the  depth  discon¬ 
tinuity  curve. 

IV.  Straight-Lines 

Theorem  1  :  Straight-lines  in  a  line-drawing 
obtained  under  orthographic  projection  with  a  gen¬ 
eral  viewpoint  are  projections  of  straight-lines  in 
space. 

Proof  :  For  reasons  discussed  in  the  introdi  :tion, 
it  is  sufficient  to  verify  the  truth  of  the  theorem  for 
depth  discontinuities.  Consider  any  three  points, 
SV  (xn  yi.  zi).  (x 2-  I/2,  £2)  and  (x3,  y3l  z3)  , 
which  project  to  a  straight-line  in  a  line-drawing. 
OoIIinearity  of  the  orthographic  projection  of  the 
three  points,  under  perturbation  of  viewpoint, 
requires  that 

y  \  ~  v  2  _  y  \  -  y  3 

X\  -  x2  ~  X,'  -  X3'  ' 

Substitution,  using  (5), 'and  simplification  using  the 
collinearity  of  (x  „  y  ,).  (x2,  y2)  and  (x3,  y3)  , 


the  original  orthographic  projections  of  the  three 
points,  leads  to  the  following  equality. 


tanA 

1  ~  ri3 

X1~X2  Xl-X3  ^ 

If  the  three  points  are  eollinear  in  space,  then  the 
left-hand-side  of  the  equation  is  identically  zero  and 
we  have  the  following  constraint  on  the  radii  of 
curvature,  rjit  at  the  points  along  the  cross- 
sectional  curves  perpendicular  to  the  axis  about 
which  the  viewpoint  is  perturbed,  i.e.,  the  x-axis 
here. 

ri  1  —  rx  2  x  1  —  x  2 


If  the  three  points  are  not  eollinear,  then  the  left- 
hand-side  of  (7)  is  a  function  of  the  angle  A  while 
the  right-hand-side  is  constant  for  any  choice  of 
points  and  curvatures.  Hence,  the  equation  cannot 
be  satisfied  under  such  circumstances. 

Q.E.D. 


We  now  consider  the  constraints  imposed 
upon  the  viewed  surface  by  the  equality  (8).  We 
use  the  previously  discussed  relation  rJt  =  r,  costp,, 
for  this  purpose.  Although  <t>„  ,  in  general,  depends 
on  the  point  under  consideration,  for  a  straight-line 
projection  under  general  viewpoint  it  is  constant 
because  of  Theorem  1  and  may  be  expressed  as  . 
Consequently,  equation  (8)  can  be  rewritten  as  fol¬ 
lows. 


r  1  r  2  x  j  -  x  2 


This  implies  that  the  radius  of  normal  curvature,  in 
the  direction  of  projection,  along  the  straight  sur¬ 
face  depth  discontinuity  varies  linearly  with  the 
distance  measured  along  the  line.  Hence,  it  is 
either  identically  zero  or  it  is  zero  at  most  one  iso¬ 
lated  point.  In  the  former  case  the  edge  is  a 
tangent  discontinuity  which  is  viewpoint- 
independent  while  in  the  latter  case  it  is  a 
viewpoint-dependent  depth  discontinuity.  Hen¬ 
ceforth  in  this  discussion,  we  will  restrict  ourselves 
to  the  latter  case. 

From  the  linear  variation  of  r,  it  should  be 


clear  that  either  the  curvatures  of  the  cross- 
sectional  curves  are  discontinuous  at  every  depth 
discontinuity  or  at  none.  We  may  assume,  without 
any  loss  of  generality,  that  the  curvatures  are  con¬ 
tinuous  at  every  depth  discontinuity  because  the 
set  of  viewpoints  for  which  this  assumption  is  false 
is  closed  and  of  measure  zero.  Now  we  want  to 
deduce  that  the  surface  is  locally  C2.  The  surface 
would  not  be  locally  C  2  only  if  some  depth  discon¬ 
tinuity  point  is  on  the  boundary  of  a  C3  surface 
patch  and  it  does  not  have  a  twice  differentiable 
neighborhood.  For  every  such  point,  as  previously 
shown,  the  tangent  to  the  boundary  does  not  lie 
along  the  projection  direction,  under  general 
viewpoint.  Then,  if  any  such  point  is  to  lie  on  the 
depth  discontinuity  curve,  the  cross-sectional  curve 
through  i'  cannot  be  C2  Hence,  the  surface  must 
be  locally  C  2. 

It  is  not  hard  to  see  that  the  normal  curva¬ 
ture  of  the  surface  in  the  direction  of  the  depth 
discontinuity  curve  is  one  of  the  principal  curva¬ 
tures  and  is  identically  zero.  The  other  principal 
curvature  has  a  fixed  orientation,  orthogonal  to  the 
straight-line  depth  discontinuity  curve,  and  varies 
linearly  along  it.  As  these  surface  properties  are 
preserved  under  perturbation  of  viewpoint,  the  sur¬ 
face  must  be  locally  developable,  i.e.,  cylindrical, 
conical,  or  tangential  developable  (see  [Hilbert  and 
Cohn-Vossen,  1952]). 

Y.  Conic-Sections 

Theorem  2  :  Ellipses ,  parabolas  and  hyperbolas  in 
a  line-drawing  obtained  under  orthographic  projec¬ 
tion  with  a  general  viewpoint  are  projections  of 
ellipses,  parabolas  and  hyperbolas,  respectively,  in 
space. 

Proof  :  For  reasons  discussed  in  the  introduction, 
it  is  sufficient  to  verify  the  truth  of  the  theorem  for 
depth  discontinuities.  We  first  show  that  space 
curves  which  project  to  conics  under  general 
viewpoint  must  be  planar.  Straight-lines  are 
excluded  from  this  discussion. 

Consider  any  five  points,  say 
(xj  ,  yj  ,  z,  ),  i  =1.5,  which  project  onto  the 
conic.  The  orthographic  projection  direction,  as 


before,  is  the  z-axis.  The  five  chosen  points 
uniquely  determine  the  conic, 

ax  2  +  bxy  +  cy  2  +  dx  +  ey  +  f  =0.  The 

conic  coefficients  are  the  solution  to 
P  [a  b  c  d  e  f  ]T  =  0,  where 

xf  ij y,  y  2  xx  y1  1 
*22  *21/2  y 3  x 2  Vi  1 

P  =  x32  a; 3j/ 3  1 1 3  x3  y 3  1  • 

X  4*  *4y  4  Vi  X  4  2/4  1 

xf  X5y  5  2/52  x  5  2/5  1 

Now  let  us  choose  a  sixth  point,  say  (x  6,  y  6,  z  6), 
which  also  projects  onto  the  conic  determined 
above.  Then,  we  may  write 

[zfl2  x6y6  yb  x e  2/s  !] 

=  [»?i  Vs  Vs  Va  Vs]  p  ■  (10) 

The  T]i  are  uniquely  determined  owing  to  the  linear 
independence  of  the  rows  of  P.  Using  (10),  we  may 
express  the  77 j  as  follows. 

[»7i  Vs  Vs  Vi  Vs] 

=  \x£  *6</«  2/s2  x6  2/«  1]PT(PPT)-1  (11) 

Now,  we  perturb  the  viewpoint  about  the  x- 
axis  by  the  counter-clockwise  angle  A,  and  once 
again  use  the  expressions  (5)  for  the  new  depth 
discontinuities.  For  small  A,  we  may  substitute 
tanA  by  A  and  cosA  by  unity.  Then,  the  vector 
(x, 2  Xj  2/1  2/1 2  x,  y,  1]  transforms  to 

\x,2  Xj{y,  +  z,  A- -jr„A2)  (,)2  Xj  (.)  1]. 

P  is  correspondingly  transformed  to  P  '  .  For  the 
projected  curve  to  remain  a  conic,  it  is  necessary 
that 

[*s2  x6(y6  +  z6A-  -\rItA2)  (  .  )2  x6  (.)  1] 
=  [X,  X2  X3  X,  X5]P'  (12) 

for  some  X, .  Ignoring  higher  order  terms,  we  may 
approximate  X;  by  (rjj  +  Pj  A  +  q;  A‘).  Then, 
equating  the  coefficients  of  the  A  terms,  we  get  the 
following  equation. 

\Vi  Vs  Vs  Vi  %]  Q  +  [Pi  P2  Vs  Pi  P5]  p 
=  [0  x„z6  22/6*6  0  zb  0]  (13) 


where  Q 


0  x1z1  2 yxzi  0  z1  0 
0  x2z 2  2y2*2  0  z2  0 
0  z323  2y3z3  0  z3  0 
0  x4z4  2y424  0  24  0 
0  x5z5  2 y5z5  0  z5  0 

We  may  rewrite  (13),  using  (11),  as  follows. 

[*e2  *6J/8  He  *e  y g  1]PT(PPT)-1Q 
-  [0  x626  2y626  0  z g  0] 

+  [Pi  Pj  f3  h]P  =0  (14) 

Now,  notice  that  the  first  two  row  vectors  have 
zeros  for  the  first,  fourth  and  sixth  elements. 
Hence,  we  may  rewrite  (14)  as 

[*62  *6j/6  J/62  *6  J/6  1|PT(PPT)-1Q/ 

-  (*6  2yt  1  ]*„  +  \Pl  p2]  R  =0  (15) 


x,z1 

2j/l*l 

*1 

X2Z2 

23/2*2 

*  2 

N 

CO 

N 

CO 

2j/3z3 

*3 

*4*4 

23/4*4 

*4 

*5*5 

2j/5*5 

*5 

and  R  depends  on  (x, ,  y,  ),  i  ==  1..5. 

Because  P  was  a  full  rank  matrix,  the  two  rows  of 
R  are  independent.  It  follows  from  this  observation 
that  the  combination  of  the  first  two  terms  in  equa¬ 
tion  (15)  must  lie  in  the  plane  defined  by  the  two 
rows  of  R,  irrespective  of  our  choice  of  (x6,  y  6,  z  6), 
as  long  as  this  point  projects  onto  the  conic,  i.e.,  x6 
and  y  8  satisfy  (10).  Now,  for  a  curve  spanned  by  a 
row  vector,  say  v(t),  to  be  planar  its  torsion  must 

be  identically  zero,  i.e.,  det  ( [v'(t  )  v"(t  )  v'"(t  )]T  ) 

must  equal  zero  (see  [Lipschutz,  1969]).  Hence,  it  is 
necessary  that  the  combination  of  the  first  two 
terms  in  (15)  satisfy  this  requirement,  under  varia¬ 
tion  of  (x„  y6,  z6)  =  (x(t),  y(t),  z  (t )).  Note 
that  the  original  coordinate  frame  could  always  be 
chosen  so  that  the  ellipses,  parabolas,  and  hyperbo¬ 
las  under  consideration  are  parameterized  as 
x{t)  =  mcost  and  y(t)  =  Msial,  x(t)=mt 
and  y(t)  =  Mt2,  and  z(/)  =  mcoshJ  and 
J/  (0  —  Afsinht,  respectively.  Substitution  of  the 
parametric  forms  of  x6,  y  6,  andz6  into  the  zero 
torsion  equation  will  lead  to  a  third  order  ordinary 
differential  equation  in  z(t).  This  differential  equa¬ 
tion  will  be  satisfied  by 

z  (t  )  =  ax  (t  )  +  by  (t  )  +  c  because  (15)  is  just  a 
restatement  of  (13),  and  it  can  easily  be  verified 


that  (13)  is  satisfied  by  t his  expression  for  z(t)  if  we 
make  all  the  p;  zero.  As  a,  b  and  c,  and  therefore 
z(t),  are  uniquely  determined  by 
z  (0),  z'(0),  and  z^O),  it  follows  from  the  theory  of 
ordinary  differential  equations  that  the  planar 
expression  for  z(t)  is  the  unique  solution  on  any 
interval  containing  z(0)  (see  [Coddington,  1961]) 
To  be  thorough,  one  must  also  check  that  the 
Lipschitz  condition  is  satisfied  by  the  differential 
equation.  This,  however,  is  rarely  a  problem. 

We  have  shown  ab«//e  that  the  space  curves 
corresponding  to  conic  orthographic  projections 
under  general  viewpoint  are  restricted  to  be  planar. 
If  the  orthographic  projection  of  a  planar  curve  is 
quadratic,  then  the  original  curve  must  also  be  a 
quadratic.  In  fact,  the  sign  of  the  discriminant 
(b  -  4ac  )  of  the  quadratic, 

ax 2  +  bxy  +  cy  2  +  dx  +  ey  +  f  =0,  is 

unchanged  under  orthographic  projection.  These 
claims  can  easily  be  verified  by  noting  that  any 
orthographic  projection  of  a  planar  curve  may  be 
computed,  up  to  a  rotation,  by  compressing  the 
curve  along  some  direction  in  the  plane  of  the 
curve.  Hence,  we  have  proven  that  ellipses,  para¬ 
bolas,  and  hyperbolas  in  a  line-drawing  obtained 
under  orthographic  projection  with  a  general 
viewpoint  are  projections  of  space  curves  which 
themselves  are  ellipses,  parabolas,  and  hyperbolas, 
respectively. 

Q.E.D. 

As  we  did  for  straight  lines  previously,  we 
now  consider  the  constraints  other  than  planarity 
which  can  be  imposed  on  the  viewed  surface  in  the 
vicinity  of  the  depth  discontinuities.  Once  again 
consider  the  substitution  of  (r?,-  +  pj  A  +  q,  A2)  for 
in  equation  (12).  Also  note  that  we  have  shown 
above  that  all  the  pj  are  zero  and  that 
Zj  =  ax;  +  byj  +  c  .  Using  this  information  and 
equating  the  coefficients  of  the  A2  terms,  we  get  the 
following  equation. 

V2  Vz  Vi  Vb]  s  +  (?!  q2  q3  qA  y5]  P 

=  [0  --7*606  -J/eOe  0  -^rl6  0]  (16) 
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where 

0  — -V 1G1  0  -~Jrn  0 
0  —jX2rx2  ~IJ  2rx2  0  -~2rz2  0 
S  =  0  — x 3 rx 3  -y3rj3  0  --|-rl3  0 

0 - 2  2  4rj  4  ~yirzi  0  ~’\rzi  0 

0  — ^x^xh  ~y*,rl5  0  -~jrl5  0 

But  this  is  precisely  of  the  same  form  as  equation 
(13)  with  qj  replacing  p,  and  — ^-rxj  replacing  z,  . 

Hence,  by  the  same  arguments  as  above,  we  may 
conclude  that  the  radius  of  curvature,  rxi ,  at  the 
depth  discontinuity  (xj  ,  y*  ,  z,-  ),  along  the  crosr- 
sectional  curve  formed  by  the  intersection  of  the 
viewed  surface  with  a  plane  parallel  to  the  y-z 
plane,  can  be  expressed  as  (ax,  +  Py,  +  7). 
Employing  the  relation  r„  =  r,  cos^,,  ,  we  get 

r<c  os^„  =(01,  +  Py,  +  7). 

First,  note  that  /px,  can  be  expressed  as  ($,  +  <j>, ) 
where  <j>,  is  determined  by  the  tangent  to  the 
conic-section  in  space  and  <j>x  depends  on  the  axis 
about  which  the  viewpoint  was  perturbed,  in  this 
case  the  x  axis.  Next,  observe  that  a,  P  and  7  must 
depend  on  <j>x.  Hence,  we  rewrite  the  expression  as, 

=  a(^)  *,  +  Pip,)  y,  4-  7(0,) 

cos)^,)  cos(<^  )  -  sin(^x )  sin(0,  ) 

In  the  discussion  so  far,  we  have  considered  the  per¬ 
turbation  to  be  about  the  x-axis.  However,  we  were 
free  to  perturb  the  viewpoint  about  any  axis  in  the 
x-y  plane.  Because  r,  is  a  surface  property 
independent  of  the  direction  of  perturbation,  we 
require  that  the  right-hand-side  of  (17)  be  indepen¬ 
dent  of  1 i>j . 

If  the  numerator  in  (17)  is  not  identically 
zero,  then  it  can  be  zero  at  most  two  points  along 
the  depth  discontinuity  curve.  Hence,  either  r,  is 
identically  zero  or  it  is  zero  at  most  two  isolated 
points.  We  conclude  that  no  edge  which  projects 
to  a  conic-section  under  general  orthographic  pro¬ 
jection  can  be  a  combination  of  viewpoint- 
independent  and  viewpoint-dependent  edges.  Hen¬ 
ceforth,  in  this  discussion,  we  will  restrict  our 


attention  to  viewpoint-dependent  depth  discon¬ 
tinuities. 

We  had  previously  promised  a  justification  for 
the  absence  of  curvature  discontinuities  at  depth 
discontinuities  which  project  to  conic-sections.  The 
argument  runs  as  follows.  We  choose  four  depth 
discontinuities  and  perturb  three  of  them  keeping 
the  fourth  one  fixed.  This  can  always  be  done  by 
choosing  the  projection  of  the  surface  normal  at  the 
fourth  point  to  be  the  axis  of  perturbation.  Now 
note  that  rx,  at  the  fourth  will  be  well  defined  by 
the  three  other  rxi  because  the  three  depth  discon¬ 
tinuities  must  be  non-collinear.  But,  the  fourth 
point  could  have  been  chosen  at  any  depth  discon¬ 
tinuity.  It  follows  that  the  normal  curvature  in  the 
direction  of  projection  is  well  defined  at  every 
depth  discontinuity  which  projects  onto  a  conic- 
section.  By  the  same  arguments  as  those  presented 
for  the  straight-line  case,  we  deduce  that  the  sur¬ 
face  is  locally  C  2. 

If  the  orientation  of  the  plane  of  the  conic- 
section  in  space  were  known,  we  could  obtain 
expressions  for  Xj  and  y,  in  terms  of  the  angle  <p, 
formed  by  the  tangent  to  this  curve  with  a  fixed 
axis.  Then,  we  must  be  able  to  choose  a ,  P  and  7 
such  that  the  right-hand-side  of  (17)  is  independent 
of  <j>x .  This  choice,  if  possible,  would  determine  r. 
up  to  a  multiplicative  factor.  Thus,  the  normal 
curvature  of  the  surface  along  the  depth  discon¬ 
tinuity  curve,  in  the  direction  of  projection,  has 
three  degrees  of  freedom,  two  for  the  orientation  of 
the  plane  of  the  conic-section  in  space  and  one  for 
the  multiplicative  factor.  Given  the  orientation  of 
the  plane  of  the  space  conic,  the  curvature  of  the 
surface  along  the  depth  discontinuity  curve,  in  the 
direction  of  the  tangent  along  the  conic,  can  also  be 
found.  It  may  seem,  at  first,  that  because  we  only 
know  the  normal  curvatures  of  the  surface  in  two 
directions  at  each  depth  discontinuity,  we  are  still 
one  constraint  short  of  being  able  to  determine  the 
principal  curvatures  and  their  orientations.  But, 
the  normal  curvature  in  a  third  direction  at  any 
point  may  be  determined  by  using  the  fact  that  the 
surface  is  C  2  and  that  the  depth  of  a  point  along 
the  third  direction  can  be  expressed  as  a  function  of 
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the  normal  curvature  in  the  projection  direction  at 
an  adjacent  point.  (Higher  order  terms  are  disre¬ 
garded  as  before.)  Thus,  the  first  and  second  fun¬ 
damental  forms  (see  [Lipschutz,  1969])  of  the  sur¬ 
face  are  completely  determined,  up  to  three  degrees 
of  freedom,  along  the  depth  discontinuity  curve. 

The  reader  may  wonder  if  there  do  exist 
continuous-surface-tangent  surfaces  which  project 
onto  ellipses,  parabolas,  and  hyperbolas,  under  gen¬ 
eral  viewpoint.  There  do.  The  simplest  examples 
are  members  of  the  quadric  family.  We  show  this 
in  the  Appendix.  In  fact,  if  we  arbitrarily  fix  the 
depth  of  the  quadric  from  the  projection  plane, 
then  the  quadric  which  orthographically  projects 
onto  a  given  quadratic,  is  completely  determined  up 
to  the  three  degrees  of  freedom  specified  above. 
This  too  is  shown  in  the  Appendix.  The  fact  that 
quadrics  project  onto  quadratics  implies  that  that 
the  local  second  order  descriptions  of  surfaces 
which  project  onto  ellipses  are  either  ellipsoids  or 
hyperboloids  of  one  sheet;  which  project  to  parabo¬ 
las  are  either  elliptic  paraboloids  or  hyperbolic  par¬ 
aboloids;  which  project  to  hyperbolas  are  either 
hyperboloids  of  one  sheet  or  hyperboloids  of  two 
sheets.  The  classification  of  quadrics  ca  i  be  found 
in  [Olmsted,  1947], 

VI.  Circles 

Theorem  3  :  Circles  in  a  line-drawing  obtained 
under  orthographic  projection  with  a  general 
viewpoint  are  projections  of  circles  in  space  which 
are  coi..~  ed  to  lie  in  planes  parallel  to  the  image 
plane. 

Proof  :  We  proceed  in  the  same  fashion  as  in  the 
proof  of  the  previous  theorem  except  that  the 
column  with  the  Xj  yj  terms  in  P  is  now  absent  and 
so  we  need  only  consider  five  points  instead  of  six. 
We  finally  arrive  at  the  following  requirement 
instead  of  equation  (15). 

[*52  y s  y5  i]st(sst)-1t' 

-  [2j/5  11*5  +  bi]U  =0  (18) 


*12  y \  y,  1 

*22  yi  x2  y2  1 

*32  yi  X2  y3  1 

xi  yi  x4  y4  i 

2y \Z i  z j 

2y222  Z 2 

2y3^3  2 3 
2y424  z4 

and  U  depends  on  (z, ,  y, ),  i  =  1..4. 

Going  through  a  similar  line  of  reasoning  as  before, 
we  may  conclude  that  the  depth  coordinates  Zj  are 
of  (by i  +  c  )  form.  But,  if  our  perturbation  was 
about  the  y-axis  instead  of  about  the  x-axis,  we 
would  instead  have  concluded  that  il  are  of 
(ax,-  +  c  )  form.  Because  the  expressions  for  z, 
must  be  the  same  in  both  cases,  it  follows  that  the 
depth  Zj  of  the  points  is  constant.  Finally,  note 
that  curves  confined  to  planes  perpendicular  to  the 
projection  direction,  orthographically  project  onto 
identical  curves.  This  completes  the  proof. 

Q.E.D. 

Corollary  :  Circles  in  a  line-drawing  obtained 
under  orthographic  projection  with  a  general 
viewpoint  are  projections  of  continuous-surface- 
tangent  depth  discontinuities  in  space. 

As  we  did  for  general  conics  above,  we  now 
constrain  the  surface  curvatures  along  the  depth 
discontinuity  curve,  in  this  case  a  circle.  We  once 
again  consider  the  expression  (17)  for  r* .  If  the 
radius  of  the  circle  is  r,  then  without  any  loss  of 
generality  we  can  substitute,  Xj  =  x„  +  r  cos^, 
and  Vj  =  y„  +  rsin^j.  This  leads  to  the  result 
that  rj  =  mr  where  m  is  an  arbitrary  multiplica¬ 
tive  factor.  The  conclusion  that  r,  is  constant 
could  also  be  drawn  purely  from  symmetry  con¬ 
siderations. 

Now,  we  point  out  that  the  satisfaction  of  a 
constraint  of  the  type  (12)  is  not  sufficient  to  ensure 
that  the  mapping  under  perturbation  of  viewpoint 
will  remain  a  circle.  We  also  require  that  the 
coefficients  of  the  x2  and  y  2  terms  in  the  quadratic 
remain  equal.  This  requirement,  after  some  alge¬ 
bra,  can  be  shown  to  be  unsatisfiable  under  the 
second  order  approximation  (1).  However,  it  can  be 
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verified  using  the  constraints  derived  above  that 
the  multiplicative  factor  m,  in  the  expression  for  r,-, 
must  be  unity  if  the  circular  shape  is  to  be  main¬ 
tained  under  perturbation  of  viewpoint.  Thus,  we 
are  lead  to  the  conclusion  that  every  point  on  the 
space  curve  which  projects  to  a  circle  is  an  umbili¬ 
cal  point  (see  (Lipschutz,  1969])  with  radius  of  cur¬ 
vature  equal  to  the  radius  of  the  projected  circle. 
Hence,  the  local  second  order  description  of  the  sur¬ 
face  is  a  sphere  with  the  same  radius  as  that  of  the 
projected  circle.  Notice  that  the  first  and  second 
fundamental  forms  of  the  surface  are  completely 
determined,  without  any  degree  of  freedom,  along 
the  depth  discontinuity  curve. 

VII.  Four  More  Theorems 

Before  we  state  the  theorems,  we  point  out 
that  the  analyses  and  results  presented  throughout 
this  paper  are  valid  even  if  the  straight-lines  and 
conic-sections  in  the  line-drawing  are  fragmented. 

Theorem  4  :  Scene  events  which  orthographically 
project,  under  general  viewpoint,  onto  straight-lines 
or  conic-sections  in  line-drawings  must  either  be 
completely  viewpoint-independent  or  completely 
viewpoint-dependent. 

Theorem  5  Continuous-surface-tangent  depth 

discontinuities  which  orthographically  project,  under 
general  viewpoint,  onto  straight-lines  in  line- 
drawings  can  be  described  locally  by  developable  sur¬ 
faces. 

Theorem  6  Continuous-surface-tangent  depth 

discontinuities  which  orthographically  project,  under 
general  viewpoint,  onto  conic-sections  in  line- 
drawings  can  be  described  locally  by  quadric  sur¬ 
faces.  Specifically,  continuous-surface-tangent 
depth  discontinuities  projecting  onto  ellipses  by 
ellipsoids  or  hyperboloids  of  one  sheet,  onto  parabo¬ 
las  by  elliptic  paraboloids  or  hyperbolic  paraboloids, 
and  onto  hyperbolas  by  hyperboloids  of  one  sheet  or 
hyperboloids  of  two  sheets.  Furthermore,  these  qua¬ 
dric  surfaces  are  completely  determined,  up  to  three 
degrees  of  freedom,  by  the  conic-sections  in  the 
line-drawings. 

Theorem  7  :  Depth  discontinuities  which  ortho¬ 
graphically  project,  under  general  viewpoint,  onto 


circles  in  line-drawings  can  be  described  locally  by 
spheres  whose  radii  are  identical  to  the  radii  of  the 
circles  in  the  line-drawings. 

In  Theorem  4,  viewpoint-independent  scene 
events  refer  to  combinations  of  surface-tangent 
discontinuities,  surface-reflectance  discontinuities 
and  illumination  discontinuities,  while  viewpoint- 
dependent  scene  events  refer  solely  to  continuous- 
surface-tangent  depth  discontinuities.  As  men¬ 
tioned  previously,  pairs  of  straight-lines  are  con¬ 
sidered  to  be  instances  of  straight-lines  rather  than 
instances  of  degenerate  conic-sections. 

Theorem  4  immediately  follows  from  the  dis¬ 
cussion  so  far.  Theorem  5  was  proved  in  the  sec¬ 
tion  on  straight-lines.  Theorem  7  follows  from 
Theorem  6  and  the  discussion  in  the  section  on  cir¬ 
cles.  We  now  prove  Theorem  6. 

Proof  of  Theorem  6  :  In  section  V,  it  was  shown 
that  continuous-surface-tangent  depth  discontinui¬ 
ties  which  orthographically  project,  under  general 
viewpoint,  onto  conic-sections  in  line-drawings  can 
be  described  up  to  second  order  properties  by  local 
quadric  surfaces.  We  now  seek  to  show  that  the 
quadric  description  is  actually  valid  for  properties 
of  all  orders,  not  just  the  second  order.  We  use  the 
following  result  from  a  paper  by  Maschke 
[Maschke,  1902]  :  The  developable  surfaces  and  the 
surfaces  of  the  second  order  are  then  the  only  ones 
for  every  point  of  which  a  surface  of  the  second 
order  exists  having  a  contact  of  the  third  order.  It 
follows  from  this  result  that  all  we  need  to  establish 
is  third  order  contact  between  the  projected  surface 
and  a  quadric  at  every  point  local  to  the  depth 
discontinuity  curve  on  the  surface. 

Under,  the  general  viewpoint  assumption  only 
isolated  points  on  the  depth  discontinuity  curves 
may  be  boundary  points  of  a  C3  patch.  Let  us  con¬ 
sider  a  depth  discontinuity  point  in  the  interior  of  a 
C  3  patch.  With  an  appropriate  choice  of  the  coor¬ 
dinate  frame,  the  surface  may  be  locally  expressed 
by  the  the  following  Taylor  series  expansion  about 
the  origin.  The  coordinate  axes  are  u,  v,  and  w, 
and  the  surface  is  tangent  to  the  u-v  plane  at  the 
origin.  L,  M,  and  N  are  the  coefficients  of  the 
second  fundamental  form  of  the  surface  (see 


[Lipschutz,  I960]). 


w  =  Lu  2  +  2Muv  +  AT2) 

tit 

+  -^-(Pu3  +  3Qu  2v  +  3Ruv2  +  Sv3) 

+  o  ([u2  +  u2]3/2)  (19) 


Let  the  projection  direction  lie  in  the  u-v  plane  and 
make  a  counter-clockwise  angle  6  with  the  u-axis. 
Then  ,  along  the  depth  discontinuity  curve, 
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This  equation  implicitly  expresses  v  in  terms  of  u. 
Now  we  use  the  fact  that  the  depth  discontinuity 
curve  must  be  planar  in  space.  Equivalently,  the 
torsion  of  the  space  curve  p  =  [u  v  w]  must  be 

zero,  i.e.,  det  ( [p' p"  p'"]T  )  must  equal  zero  (see 

[Lipschutz,  1969]).  If  we  parameterize  the  curve  in 
terms  of  u,  then  we  will  get 


v"w'"  -  v'"w"  =  0.  (21) 

We  require  that  this  equation  be  satisfied  at  the  ori¬ 
gin.  If  we  differentiate  equations  (20)  and  (19),  we 
get  the  following  equalities  at  the  origin. 

z  _  L  sin(fl)  -  M  cos(fl) 

N  cos(0)  -  M  sin(0) 

Vu  _  \P  +  2Qv'  +  Rv'v']sm(8) 

N  cos(0)  -  A/sin(0) 

_  \Q  +  2 Rv'  +  5uV|cos(fl) 

N  cos(0)  -  A/sin(0) 

vm  =  3 \Q  +  Rv'}sin(6)-3\R  +  Sv'\cos(8)  „ 
N cos(6)  -  Msin(^) 

w"  =  (L  +  Mv1  +  Nv'v1) 


v'm  =  3  (M  +  Nv1)  v" 

+  ( P  +3Qv'  +3Rv'v'  +  Sv'v'v1) 

It  follows  from  these  equations  that  v"  or 
(w™  -  w  "v  111  /v"),  both  of  which  are  linear  combi¬ 
nations  of  P,  Q,  R,  and  S,  must  be  zero. 
Equivalently,  if  we  put  A  =  P  +  Qv', 


B  —  Q  +  Rv',  and  C  =  R  +  Sv',  then  at  least 
one  of  the  following  two  equations  must  be  true. 

(A  +  Bv1)  sin(0)  -  (B  +  CV)  cos(0)  =  0  (22) 

3(M  +  Nv1)  [(A  +  Bv1)  sin(0)  -  (B  +  Cv')  cos(0)] 

-I-  (N  cos(0)  -  M sin(0))  [a  +  2 Bv1  +  Cv'v'\ 

-  3w"  [B  sin(0)  -  C  cos(0)]  =  0  (23) 

Notice  that  both  the  equations  are  homogeneous 
linear  equations.  Assume  that  L,  M,  and  N  are 
known  at  the  origin.  Now,  if  perturbation  of  6 
leads  to  only  one  independent  equation,  then  P,  Q, 
R,  and  S  have  three  degrees  of  freedom,  i.e.,  we  can 
choose  three  of  these  coefficients  arbitrarily.  This 
can  only  happen  if  the  depth  discontinuity  curve  is 
locally  fixed  in  space  under  perturbation  of 
viewpoint.  Then,  v'  must  be  constant  and  the  sur¬ 
face  must  therefore  be  parabolic  at  the  origin,  i.e., 
LN  -  M2  =  0.  In  fact,  the  surface  must  be  locally 
developable.  As  projections  of  such  depth  discon¬ 
tinuities  will  have  zero  curvature  in  the  line¬ 
drawing,  we  need  not  consider  them  here.  Hence, 
the  number  of  linearly  independent  equations  must 
either  be  two  or  three.  If  it  is  two,  then  P,  Q,  R, 
and  S  have  two  degrees  of  freedom,  and  if  it  is 
three,  then  there  is  only  one  degree  of  freedom.  It 
can  easily  be  verified  by  differentiation  that  the 
third  derivatives  of  a  quadric  surface  with  known 
L,  M,  and  N,  and  constrained  to  be  tangential  to 
the  u-v  plane  at  the  origin,  have  two  degrees  of 
freedom.  Further,  we  also  know  that  the  con¬ 
straints  between  P,  Q,  R,  and  S  are  satisfied  by 
every  quadric  surface  because,  as  shown  in  the 
Appendix,  the  depth  discontinuity  curve  on  a  qua¬ 
dric  is  always  planar.  Hence  we  can  always  find  a 
quadric  surface  which  has  third  order  contact  with 
the  projected  surface  at  the  origin. 

We  have  established  third  order  contact 
between  a  quadric  surface  and  the  projected  surface 
at  the  depth  discontinuity  under  consideration.  By 
moving  our  depth  discontinuity  to  any  interior 
point  of  a  C3  surface  patch,  we  can  establish  third 
order  contact  with  a  quadric  surface  at  every  such 
point.  From  Maschke’s  result  it  follows  that  the 
surface  can  be  locally  described  by  quadric  patches, 
one  for  each  C 3  patch  along  the  depth  discon- 


tinuity  curve.  But  we  have  previously  established 
that  a  single  quadric  surface  has  second  order  con¬ 
tact  along  the  wh.le  depth  JtsccfltkwUy  runU! 
Further,  it  was  shown  in  the  Appendix  that  this 
quadric  is  completely  determined  up  to  three 
degrees  of  freedom.  The  desired  result  immediately 
follows. 

Q.E.D. 

There  is  a  result  by  Blaschke  [Blaschke,  1923] 
that  the  only  surfaces  which  yield  planar  depth 
discontinuity  curves  under  orthographic  projection 
for  all  viewpoints  are  the  quadrics  and  the  develo¬ 
pable  surfaces.  His  proof  implicitly  assumes  the 
surface  to  be  C4.  In  our  proof  of  Theorem  6,  we 
have  essentially  generalized  Blaschke’s  result  to  the 
following.  All  surfaces  which  yield  planar  depth 
discontinuity  curves  under  orthographic  projection 
for  all  viewpoints  within  an  open  set  on  the  Gaus¬ 
sian  sphere  can  be  described  locally  by  the  quadrics 
and  the  developable  surfaces.  Our  proof  assumes  a 
C 3  surface. 

VH.  Conclusion 

Line-drawing  interpretation  refers  to  the 
attempt  to  infer  3-D  shape  information  about  the 
scene  from  its  line-drawing.  "We  view  the  problem 
to  be  one  of  surface  constraint  generation  under  the 
assumption  of  a  general  viewpoint.  As  mentioned 
previously,  the  general  viewpoint  assumption  is 
essential  to  make  any  headway.  Without  this 
assumption  it  is  not  possible  to  make  non-trivial 
deductions.  In  this  work  we  attempted  to  discover 
constraints  associated  with  straight-lines  and 
conic-sections  in  line-drawings  obtained  under 
orthographic  projection.  Necessary  and  sufficient 
conditions  were  derived  in  each  case. 

Related  previous  work  of  interest  includes 
that  of  Whitney  [Whitney,  1955]  and  Koenderink 
[Koenderink,  1984].  It  follows  from  Whitney’s 
paper  that  there  are  only  two  types  of  generic 
singularities  in  the  projection  of  a  C3  surface  onto 
a  plant,  They  art  what  he  rails  “folds”  and 
“cusps.”  “Folds”  are  depth  discontinuity  curves 
and  “cusps”  are  their  terminations.  Whitney’s 
refettlts  are  Valid  for  Kth  p-  rspi'j-liv*-  and  uishe 
graphic  projections.  However,  his  genericity  condi¬ 


tion  is  more  relaxed  than  our  general  viewpoint 
condition  in  that  it  demands  stability  under  pertur- 
l  athjfl  of  both,  iht  viewpoint  and  tin-.  projected 
surface.  Koenderink  has  shown  that  a  depth 
discontinuity  is  an  elliptic,  hyperbolic,  or  parabolic 
point  on  the  viewed  surface  depending  on  whether 
its  projected  image  in  the  line-drawing  is  convex, 
concave  or  an  inflection,  respectively.  His  work 
makes  the  same  assumptions  as  Whitney’s. 

Finally,  we  note  that  we  have  made  no  effort 
whatsoever  to  suggest  schemes  for  the  detection  of 
straight-lines  and  conic-sections  in  line-drawings. 
Neither  have  we  analyzed  the  robustness  of  the 
conclusions  which  may  be  drawn  from  such 
instances,  i.e.,  how  sensitive  are  the  surface  predic¬ 
tions  to  errors  in  the  detection  and  parameteriza¬ 
tion  of  curves  in  line-drawings.  Practical  considera¬ 
tions  demand  that  these  issues  be  addressed. 

Appendix 

We  first  show  that  the  orthographic  projec¬ 
tion  of  a  quadric  surface  is  always  a  quadratic 
curve.  To  see  this,  it  is  sufficient  to  verify  that  the 
depth  discontinuity  curves  on  quadrics  are  always 
I  lauaT .  L  A  assum  s  the  ptujwwbo  geometry  A 
Fig.  3.  Any  quadric  can  always  be  considered  the 
zero  potential  surface  of  some  second  order  poten¬ 
tial  field, 

C(x  ,  y ,  2 )  =  ax2  +  by2  +  cz2  +  dxy  +  exz 
+  /  yz  +  gx  +  hy  +  iz  +  . 

Then  the  normal  to  the  quadric,  C(x,y,z)  =  0,  at 
any  point  is  in  the  direction  of  the  potential  gra¬ 
dient  at  that  point.  Now  observe  that  a  point  on 
the  surface  is  a  depth  discontinuity  if  and  only  if 
the  surface  normal  at  that  point  is  orthogonal  to 
the  projection  direction,  i.e.,  the  z-axis  here. 
Hence,  the  depth  discontinuity  curve  must  satisfy 
the  following  equation. 

dC(x’y>  z).  =  2 cz  +  ex  +  fy  +  i  ==  0 

dz 

This  is  the  eqaation  of  a  plane.  The  orthographic 
projection  of  our  quadric,  C(x,  y,  z)  =  0,  can  be 
simply  obtained  by  substituting  for  z  from  the 
equation  of  the  plane.  The  resulting  curve  is 


immediately  seen  to  be  a  quadratic. 

Now  we  show  that  if  we  arbitrarily  fix  the 
depth  of  the  quadric  surface  from  the  projection 
plane  then  the  surface  is  completely  determined,  up 
to  three  degrees  of  freedom,  by  the  projected  qua¬ 
dratic.  Let  us  assume  that  the  equation  of  the 
plane  containing  the  space  curve  is 
z  +  ax  +  f)y  =0.  This  equation  has  two  degrees 
of  freedom.  Constraining  this  plane  to  pass 
through  the  origin  fixes  the  depth  of  tb"  quadric 
surface.  Equating  the  coefficients  of  this  plane  with 
those  of  the  plane  derived  above,  we  get 
e  =  2ac  ,  f  =  2/Jc  ,  i  =  0.  Now,  if  we  substitute 
for  z  into  C(x,  y,  z)  =  0,  we  will  get 

(a  -  a2c  )x2  +  (b  -  f)2c  )y2 

+  (d  -  2 af)c  )xy  +  gx  +  hy  +  j  =  0  . 

But  as  we  know  the  equation  of  the  projected  qua¬ 
dratic,  we  can  determine  all  the  coefficients  of  the 
quadric  C(x,  y,  z)  =  0  in  terms  of  one  unknown  c. 
This  unknown  determines  the  scaling  factor  of  the 
radii  of  normal  curvature  along  the  depth  discon¬ 
tinuity  curve  on  the  surface  (see  Section  V). 
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Abstract 

Symmetry  manifests  itself  in  numerous  forms 
throughout  nature  and  the  man-made  world.  It  is 
frequently  encountered  in  line-drawings  correspond¬ 
ing  to  edges  in  images.  We  seek  to  discover  con¬ 
straints  on  the  ijnaged  surfaces  from  instances  of 
bilateral  (reflective)  symmetry  in  line-drawings 
obtained  from  orthographically  projected  images.  A 
general  viewpoint  is  assumed,  i.e.,  it  is  assumed  that 
the  mapping  of  the  viewed  surface  onto  the  line¬ 
drawing  is  stable  under  perturbation  of  the 
viewpoint  within  some  open  set  on  the  Gaussian 
sphere.  It  is  shown  that  the  only  planar  figures 
which  exhibit  bilateral  symmetry  under  orthographic 
projection  with  a  general  viewpoint  are  ellipses  and 
straight-line  segments. 

We  show  that  the  orthographic  projection  of  a 
surface  of  revolution  exhibits  bilateral  symmetry 
about  the  projection  of  the  axis  of  revolution, 
irrespective  of  the  viewing  direction.  Further,  it  is 
shown  that  whenever  the  symmetry  axis  is  the  pro¬ 
jection  of  a  line  in  space  which  is  invariant  under 
perturbation  of  the  viewpoint,  the  bilaterally  sym¬ 
metric  line-drawing  is  the  orthographic  projection  of 
a  local  surface  of  revolution.  The  axis  of  revolution 
is  the  back-projection  of  the  symmetry  axis.  Vari¬ 
ous  line-drawing  configurations  for  which  the  back- 
projection  is  invariant  are  detailed.  It  is  conjec¬ 
tured  that  isolated  ellipses  and  isolated  straight-line 
segments  are  the  only  bilaterally  symmetric  line- 
drawings  whose  symmetry  axes  are  not  projections 

vf  if,  spuCi.  tohttfi  dT j  ifiOtiCiuriL  1*7 \  jh.  7  p  w  t  t  u  t 

bation  of  the  viewpoint.  Throughout,  only  surface 
regions  local  to  the  scene-events  corresponding  to 
the  lines  are  constrained. 


I.  Introduction 

Line-drawings  are  representations  of  edges  in 
an  image.  An  edge  in  an  image  may  be  caused  by 
various  events  in  the  scene.  The  scene-event  may 
be  a  surface-tangent  discontinuity,  a  depth  discon¬ 
tinuity,  a  surface-reflectance  discontinuity  or  an 
illumination  discontinuity  (shadow).  Fig.  1  illus¬ 
trates  the  various  cases.  Notice  that  a  depth 
discontinuity  may  also  simultaneously  be  a 
surfacc-tangcnt  discontinuity.  We  distinguish  this 
from  a  continuous-surface-tangent  depth  discon¬ 
tinuity.  While  surface-tangent  discontinuities, 
illumination  discontinuities,  and  surface-reflectance 
discontinuities  constitute  viewpoint-independent 
scene-edges,  continuous-surface-tangent  depth 
discontinuities  are  viewpoint-dependent. 

An  object  exhibits  symmetry  whenever  it  can 
be  divided  into  two  or  more  parts  which  can  be 
permuted  by  the  application  of  certain  isometries 
which  leave  the  original  object  unchanged.  Sym¬ 
metry  manifests  itself  in  numerous  forms 
throughout  nature  and  the  man-made  world.  Some 
examples  are  shown  in  Fig.  2.  The  two  symmetry 
operations  for  planar  figures  are  reflection  and  rota¬ 
tion.  The  letter  A  is  an  instance  of  a  figure  with 
reflective  symmetry  and  the  letter  Z  exhibits  rota¬ 
tional  symmetry.  The  letter  H  admits  both  sym¬ 
metry  operations.  Three  dimensional  space  admits 
several  symmetry  operations  in  addition  to 
reflection  and  rotation,  e.g.,  inversion  symmetry  is 
exhibited  by  a  pair  of  bicycle  cranks.  In  this 
presentation  wc  ati  mu miitd  with  tin  thru 
dimensional  implications  of  bilateral  (reflective) 
symmetry  in  a  line-drawing. 

Line-drawings,  like  images,  arc  many-to-onc 
mappings  from  a  3-D  domain  to  a  2-D  range 
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Although  the  depth  information  is  lost  under  pro¬ 
jection,  we  can  nevertheless  impose  some  con¬ 
straints  on  the  3-D  scene  by  investigating  the  2-D 
configuration  of  the  corresponding  line-drawing. 
We  restrict  our  attention  to  orthographic  projection 
here.  Orthographic  projection  is  a  reasonable 
approximation  to  perspective  projection  whenever 
the  angle  subtended  by  the  object  at  the  viewpoint 
is  small.  Orthographically  projected  line-drawings 
of  man-made  scenes  often  exhibit  instances  of  bila- 
t,  ral  symmetry  We  investigate  eon  strain  t,s 
imposed  on  the  scene  by  such  instances  under  the 
assumption  of  general  viewpoint,  i.e.,  under  the 
ass^iiiptii/fi  that  the  niaepii'o  wf  thv.  vicTV-d  suffai _ 

onto  the  line-drawing  is  stable  under  perturbation 
of  the  viewpoint  within  some  open  set  on  the  Gaus¬ 
sian  sphere1.  The  stability  we  demand  includes  the 
requirement  that  the  bilateral  symmetry  exhibited 
I'y  the  li;re-iMwiiib  be  pNsfcfvev!  unde? 
tion  of  viewpoint.  Other  properties  of  the  mapping 
with  respect  to  which  we  require  stability  will  be 
mentioned  as  we  proceed.  As  long  as  the  total 
number  of  such  requirements  is  finite,  the  set  of 
viewing  directions  on  the  Gaussian  sphere  where 
the  general  viewpoint  assumption  is  invalid  is 
closed  and  has  measure  zero2.  It  must  be 
i  mjiliwijvd  ! « rv  liv'd:  aft1  nul  hroHiig  1  r 

hueristics.  We  seek  to  discover  rigorous  constraints 
under  specific  reasonable  assumptions.  It  should  be 
noted  that,  given  the  loss  of  information  about  the 


1  The  Gaussian  sphere  is  a  device  to  represent  orienta¬ 
tion  in  space.  Each  point  on  a  unit  sphere,  calle :  the 
Gaussian  sphere  (see  [Hilbert,  and  Cohn-Vossen,  1052]), 
corresponds  to  the  unit  vector  from  the  center  of  the 
sphere  to  that  point. 

1  An  arbitrary  set  in  auy  manifold  has  measure  zero  if 
its  preimage,  for  every  local  parametrization,  can  be 
covered  by  a  countable  number  of  rectangular  solids  with 
an  arbitrarily  small  total  volume  in  Euclidean  space.  For 
our  purposes  it  suffices  to  note  that  the  Gaussian  sphere  is 
a  two  dimensional  manifold  and  consequently  all  sets  of 
points  and  lines  on  it  have  measure  zero.  The  null  set  of 
course  has  measure  zero.  On  the  oth"r  hand,  no  open  set 
on  the  Gaussian  sphere  has  measure  zero. 

It  can  be  shown  that  the  union  of  a  countable 
number  of  sets  of  measure  zero  is  also  of  measure  zero  (see 
(Guillerain  and  Pollack,  1871]).  Therefore,  the  union  of  a 
finite  number  of  closed  sets  of  measure  zero  is  closed  and 
of  measure  zero.  The  complement  of  such  a  union  is  open 
and  of  full  measure. 


third  dimension  under  projection,  one  cannot  hope 
to  make  any  substantial  deductions  about  the 
imaged  surfaces  without  the  general  viewpoint 
assumption. 

Related  previous  work  of  interest  includes 
that  of  Kanade  [Kanade,  1981]  and  Marr  [Marr, 
1977],  Kanade  presents  a  heuristic  which  infers 
symmetry  in  the  scene  whenever  skewed  symmetry 
is  discovered  in  an  orthographically  projected  line¬ 
drawing  of  a  world  containing  only  planar  surfaces. 
Shewed  r>j  ilmletrj  is  meant  to  indicate  planar 
shapes  in  which  symmetry  is  exhibited  along  lines 
at  a  fixed  angle  to  the  axis  of  symmetry,  e.g.,  see 
Mg.  3.  Of  course,  if  this  fixed  angle  is  a  right  angle 
then  we  have  bilateral  symmetry.  Although  planar 
bilateral  symmetries  do  map  unto  skewed  sym¬ 
metries,  skewed  symmetries  also  map  onto  skewed 
symmetries.  Hence,  Kanade’s  inference  requires 
skewed  symmetries  to  be  excluded  from  his  world 
of  planar  surfaces.  Marr  [Marr,  1977]  uses  "qualita¬ 
tive  symmetry”  to  deduce  generalized  cones,  i.e., 
solids  whose  cross-sections  perpendicular  to  an  axis 
are  all  scaled  versions  of  one  another.  His  concept 
of  qualitative  symmetry,  although  more  relaxed 
than  our  concept  of  bilateral  symmetry,  does  not 
lead  to  the  conclusions  he  wishes  to  draw  under  the 
g&iitial  viewpoint  paradigm  presented  here,  vjur 
work  is  more  in  the  spirit  of  Koenderink  and  van 
Doom  who  have  shown  in  two  elegant  articles  that 
the  Gaussian  curvature  of  a  body  can  be  deduced 
from  the  curvature  of  the  occluding  contour  [Koen¬ 
derink,  1984]  and  that  terminations  of  occluding 
contours  are  always  concave  [Koenderink  and  van 
Doom,  1982]. 

In  Section  II  we  show  that  the  line-drawing  of 
an  orthographically  projected  surface  of  revolution 
exhibits  bilateral  symmetry  about  the  projection  of 
the  axis  of  revolution,  irrespective  of  the  viewing 
direction.  Section  III  investigates  whether  local 
surfaces  of  revolution  are  necessary  for  bilateral 
symmetry  in  a  line-drawing  obtained  under  general 
orthographic  projection.  It  is  shown  that  whenever 
the  symmetry  axis  is  the  projection  of  a  line  in 
space  which  is  invariant  under  perturbation  of  the 
viewpoint,  the  bilaterally  symmetric  line-drawing  is 
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the  orthographic  projection  of  a  local  surface  of 
revolution.  The  axis  of  revolution  is  the  back- 
projection  of  the  symmetry  axis.  Various  line¬ 
drawing  configurations  for  which  the  back- 
projection  is  invariant  are  detailed.  It  is  conjec¬ 
tured  that  isolated  ellipses  and  isolated  straight-line 
segments  are  the  only  bilaterally  symmetric  line- 
drawings  whose  symmetry  axes  are  not  projections 
of  lines  in  space  which  are  invariant  under  pertur¬ 
bation  of  the  viewpoint.  Throughout,  only  surface 
regions  local  to  the  scene-events  corresponding  to 
the  lines  are  constrained.  We  conclude  with  Sec¬ 
tion  IV. 

The  Appendix  contains  a  proof  for  the  propo¬ 
sition  that  segments  of  straight-lines  and  conic- 
sections  are  the  only  planar  curves  whose  ortho¬ 
graphic  projections  exhibit  local  bilateral  symmetry 
under  general  viewpoint.  It  immediately  follows 
that  ellipses  and  straight-line  segments  are  the  only 
finite  planar  curves  whose  orthographic  projections 
exhibit  (global)  bilateral  symmetry  under  general 
viewpoint. 

D.  Surface  of  Revolution  :  A  Sufficient 
Condition, 

It  is  easy  to  see  that  an  object  displaying  bila¬ 
teral  symmetry  in  space  need  not  exhibit  bilateral 
symmetry  under  orthographic  projection  (e.g.,  big. 
2-r)  Fig.  3  shows  that  bilaterally  symmetric 
plmir  cufics.  in  gCiif-rub  p reject  l.r  what  Ksmide 
(Kanad  ,  1981]  calls  skewed  symmetric  contours. 
As  shown  in  the  Appendix,  ellipses  and  straight-line 
segments  art-  the  only  exceptions  to  this 
phenomenon  in  that  they  project  to  bilaterally  sym¬ 
metric  ,  uives. 

\\  now  seek  to  argue  that  the  orthographic 
projection  of  any  surface  of  revolution,  i.e.,  a  sur¬ 
face  generated  by  revolving  a  curve  (called  the  gen¬ 
erator)  about  an  axis,  will  always  exhibit  bilateral 
symmetry'  abc  it  the  projection  of  the  axis  of  revo¬ 
lution.  Considtv  such  a  surface  to  have  its  axis 
aligned  with  an  arbitrary  '  <  'or  tu  space  Fig.  1 
shows  one  such  vector,  m  orientation  is  com¬ 
pletely  determined  by  the  specification  of  its 
azimuth  angle,  i.e.,  the  counter-clockwise  angle 
made  by  its  projection  onto  the  x-y  plane  with  the 


x  axis,  and  its  polar  angle,  i.e.,  the  angle  it  makes 
with  'he  z  axis.  It  is  easily  seen  that  the  symmetry 
properties  of  the  projection  onto  the  x-y  plane  are 
not  affected  by  the  azimuth  angle.  Hence,  without 
loss  of  generality  we  can  always  consider  it  to  be 
zero.  Now,  if  we  note  that  the  z-x  plane  divides 
‘he  surface  of  revolution  into  two  mirror  images,  we 
can  immediately  deduce  that  the  orthographic  pro¬ 
jection  will  exhibit  bilateral  symmetry  about  the  x 
axis.  Fig.  5  shows  an  example  of  the  orthographic 
projection  of  a  surface  of  revolution.  The  mirror 
line  is  the  projection  of  the  axis  of  revolution. 

The  above  analysis  assumes  that  the  surface 
of  revolution  is  not  obscured  by  some  other  object 
and  that  it  has  no  shadow  across  it.  Also,  surface 
marks,  if  any,  must  be  uniform  over  sub-surfaces 
which  themselves  are  surfaces  of  revolution  with 
the  same  axis  as  the  complete  surface. 

III.  Surface  of  Revolution  :  A  Necessary 
Condition? 

Is  a  surface  of  revolution  a  necessary  condi¬ 
tion  for  a  bilaterally  symmetric  orthographic  pro¬ 
jection  under  general  viewpoint?  Obviously  not. 
We  can  imagine  arbitrary  surfaces,  without  any 
scene-edges,  corresponding  to  regions  of  a  sym¬ 
metric  line-drawing  which  are  “distant”  from  the 
lines.  These  surfaces  can  always  be  chosen  such 
that  small  arbitrary  perturbations  of  the  viewpoint 
<Jo  tk.l  violin*  UilUfrril  in  th*  jrvj.C'rlfctfi 

As  no  information  about  these  regions,  other  than 
the  absence  of  edges,  is  available  in  the  line- 
drawing,  it  is  not  possible  to  deduce  stronger  con¬ 
straints  for  such  regions  without  making  assump¬ 
tions  regarding  the  nature  of  the  imaged  world. 
Therefore,  we  restrict  our  attention  to  the  regions 
of  surfaces  local  to  the  edges. 

We  now  argue  that  whenever  the  symmetry 
axis  is  the  projection  of  a  line  in  space  which  is 
invariant  under  perturbation  of  the  viewpoint,  the 
bilaterally  symmetric  line-drawing  is  the  ortho¬ 
graphic  projection  of  a  local  surface  of  revolution 
The  axis  of  revolution  is  the  back-projection  of  the 
symmetry  axis.  Let  us  assume  that  the  back- 
projection  of  the  symmetry  axis  is  oriented  along 
the  vector  shown  in  Fig.  -1  and  that  once  again  the 


orthographic  projection  is  along  the  z-axis  and  that 
the  azimuth  angle  is  zero.  Now  we  point  out  that 
the  general  viewpoint  assumption  can  be  translated 
to  the  requirement  that  bilateral  symmetry  be 
preserved  under  peflttfbaliu'U  J  the  imaged  swf-K* 
position.  It  is  sufficient  to  consider  combinations  of 
two  such  perturbations  :  one,  rotation  of  the  sur¬ 
face  about  the  y-axis  —  we  call  this  tilting,  and 
two,  rotation  of  the  surface  about  the  back- 
pr^jtcli^aj  of  if-e  4yTuti£<»y  ?vb  -  wr  rail  in  *i  ,1- 
ply  rotation. 

First,  we  argue  that  if  the  orthographic  pro¬ 
jection  of  the  viewed  surface  is  to  remain  bila¬ 
terally  symmetric  under  tilting,  then  the  surface 
must  exhibit  local  bilateral  symmetry  in  space 
about  the  x-z  plane.  To  see  this,  consider  the  inter¬ 
sections  of  the  viewed  surface  with  any  two  planes 
parathd  t_  ttru  x-z  plain.  and  passing  through  a  piit 
of  bilaterally  symmetric  points  in  the  line-drawing. 
Every  such  pair  of  intersection  curves  must  be 
locally  symmetric  about  the  x-z  plane.  If  the 
planes  do  not  intersect  the  viewed  surface,  but  are 
rsrbur  tangential  c  it,  (Ter  the  'e  j  r-vj  >t  ,  i  ts 
or  straight-line  segments  must  also  be  bilaterally 
symmetric.  Hence,  the  viewed  surface  must  exhibit 
local  bilateral  symmetry.  Further,  because  we 
could  always  conceive  of  a  surface  pertur  .tion 
wbieh  b  i  fUaliur  Mlowrd  ly  ';IU'i6  r-quin1 

that  the  surface  maintain  its  local  bilateral  sym¬ 
metry  about  the  x-z  plane  when  it  is  subject  to 
rotation.  But  this  requirement  can  only  be  satisfied 
by  local  surfaces  of  revolution  about  the  back- 
projection  of  the  symmetry  axis.  To  see  this,  con¬ 
sider  the  following  argument.  For  a  surface  to  be 
bilaterally  sjmrfii&rie  about  a  pLum,  il&  li,*i 

with  any  plane  orthogonal  to  the  symmetry  plane 
must  also  exhibit  bilateral  symmetry.  In  particular, 
consider  the  planes  which  have  their  normals 
oriented  along  the  back-projection  of  the  symmetry 
axis.  The  requirement  that  bilateral  symmetry  if 
the  surface  be  maintained  under  rotation  is 
equivalent  to  the  requirement  that  all  the  describe.' 
intersections  maintain  their  symmetry  in  spa—,  ns 
the  only  such  planar  curies  are  circles,  the  argu¬ 
ment  is  complete. 


The  result  just  derived  is  of  practical 
significance  only  if  we  have  mechanisms  to  deduce 
invariance  of  the  back-projections  of  th  e  sy nurd-try 
axis  from  the  line-drawing  itself.  As  we  will  use 
tn  [’'’sfwt,  fo?  ifii*  *«# 

iced  to  to  make  the  same  assumptions  about  the 
viewed  surfaces  as  are  made  there.  In  particular, 
we  assume  that  the-  projected  surfaces  are  piecewise 
C3,  i.e.,  the  surfaces  comprise  finitely  many  C3 
fdUnk  car'll  1 1 . .11  mini  liy  u  finite  pin:,e  wi*i-  f  3 
curve.  This  restriction  does  not  significantly  con¬ 
strain  the  domain  as  long  as  we  do  not  require  a 
priori  knowledge  of  the  C3  surface-patch  boun¬ 
daries. 

The  piecewise  C3  assumption  enables  us  to 
draw  the  following  conclusions  (see  [Nalwa,  1987]). 
A  straight-line  in  a  line-drawing  is  either  the  pro- 
pecttk.li  \T  a  straight  vie  vip-oi nl-iu^epei, den t  tvige  r 
of  a  straight  viewpoint-dependent  edge.  If  the  edge 
is  viewpoint-dependent  then  it  can  be  locally 
described  by  a  quadric  cylinder  or  a  quadric  cone. 
An  elliptical  segment  in  a  line-drawing  is  either  the 
of  an  lirftj  viwupj*  it-Ftlc,  r iri*i  t 
edge  or  of  an  elliptical  viewpoint-dependent  edge. 
If  the  edge  is  viewpoint-dependent  then  it  can  be 
locally  described  by  an  ellipsoid  or  a  hyperboloid  of 
one  sheet.  These  conclusions  hold  even  if  the 
■'Jraighl-lrM*  Ittd  rDiptiral  in  Ihr  lw»i- 

d rawing  are  fragmented. 

Now  we  detail  various  line-drawing 
configurations  for  which  the  back-projection  of  the 
symmetry  axis  is  invariant  under  perturbation  of 
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locally  lie  on  a  single  right-circular  cone.  The 
back-projection  of  the  symmetry  axis  is  the  axis  of 
this  cone.  Case  III.  Consider  a  bilaterally  sym¬ 
metric  line-drawing  which  has  an  elliptical  segment 
(may  be  fragmented)  bisected  by  the  symmetry 
axis  It  is  easy  to  see  that  the  back-projection  of 
the  centroid  of  the  (completed)  ellipse  must  con¬ 
tinue  to  lie  on  the  back-projection  of  the  symmetry 
axis  under  perturbation  of  the  viewpoint.  Simi¬ 
larly,  a  tangent-discontinuity  on  the  symmetry  axis 
in  a  line-drawing  must  be  the  projection  of  a  coni¬ 
cal  tip  in  space  which  continues  to  lie  on  the  back- 
projection  of  the  symmetry  axis  under  perturbation 
of  the  viewpoint.  As  any  two  points  in  space  deter¬ 
mine  a  line,  two  independent  events  from  among 
ellipses  bisected  by  the  symmetry  axis  and 
tangentrdiscontinuiiies  on  the  symmetry  axis  fix  the 
back-projection  of  the  symmetry  axis.  Further 
investigation  would  almost  certainly  lead  to  more 
relaxed  conditions  for  the  invariance  of  the  back- 
projection  of  the  symmetry  axis.  Fig.  6  provides 
several  examples  of  bilaterally  symmetric  line- 
drawings  for  which  we  can  presently  deduce  local 
surfaces  of  revolution. 

It  is  our  conjecture  that  isolated  ellipses  and 
isolated  straight-line  segments  are  the  only  bila¬ 
terally  symmetric  line-drawings  whose  symmetry 
axes  are  not  projections  of  lines  in  space  which  are 
invariant  under  perturbation  of  the  viewpoint. 
What  we  do  know  is  that  ellipses  and  straight-line 
segments  are  the  only  planar  figures  which  exhibit 
bilateral  symmetry  under  orthographic  projection 
with  a  general  viewpoint  (see  Appendix).  Ellipses 

|  roject  onto  ellijses  and  straight-lino  segmen  Is  nf)t  _ 

straight-line  segments.  It  follows  that  all 
viewpoint-independent  scene-edges  which  are  iso¬ 
late  .■  llipm.i  .  *  hi'jhlrJ  -Urmg!  MU  .  y,  eoti  efcji- 
bit  bilateral  symmetry  under  projection.  These,  of 
course,  are  not  local  surfaces  of  revolution.  The 
viewpoint-dependent  scene-edges  which  project 
onto  isolated  ellipses  are  either  local  ellipsoids  or 
local  hyperboloids  of  one  sheet  (see  [Nalwa,  1987]). 
These,  in  general,  are  also  not  local  surfaces  of 
revolution.  From  the  result  in  [Koenderink  and 
van  Doom,  1982],  that  terminations  of  occluding 
contours  are  always  concave,  it  follows  that  no 


viewpoint-dependent  scene-edge  may  project  onto 
an  isolated  straight-line  segment. 

IV.  Conclusion 

Line-drawing  interpretation  refers  to  the 
attempt  to  infer  3-D  shape  information  about  the 
scene  from  its  line-drawing.  This  line  of  work  has  a 
long  tradition  in  both  computer  vision  (see  [Malik, 
1985])  and  psychology  (e.g.,  [Attneave  and  Frost, 
1969]).  Most  of  the  work  in  computer  vision  has 
concentrated  on  exhaustively  listing  the  junction 
possibilities  in  a  polyhedral  world,  although 
recently  there  have  been  attempts  to  handle  simple 
curved  objects  too  (e.g.,  [Malik,  1985]).  Relatively 
few  attempts  have  been  made  at  exploiting  the 
structure  of  curves  in  line-drawings  (e.g.,  [Lowe  and 
Binford,  1984]). 

We  view  the  line-drawing  interpretation  prob¬ 
lem  to  be  one  of  constraint-specification,  i.e.,  gen¬ 
eration  of  all  possible  constraints  which  can  be 
deduced  from  a  line-drawing  under  the  general 
viewpoint  assumption.  This,  in  our  view,  should  be 
followed  by  an  attempt  to  seek  3-D  spatial 
configurations  compatible  with  the  specified  con¬ 
straints.  In  order  to  limit  the  possibilities  it  may 
be  necessary  to  introduce  some  restrictions  on  the 
world  at  this  stage  or  to  introduce  the  concept  of 
"simple”  and  then  try  to  find  the  "simplest”  con¬ 
sistent  interpretation. 

In  this  work  we  have  attempted  to  discover 
the  constraints  associated  with  bilateral  symmetry 
in  a  line-drawing.  It  was  shown  that  the  ortho¬ 
graphic  projection  of  a  surface  of  revolution  exhi¬ 
bits  bilateral  symmetry  about  the  projection  of  the 
axis  of  revolution,  irrespective  of  the  viewing  direc¬ 
tion.  Further,  it  was  shown  that  whenever  the 
sy^rfiietry  axit  it  the  j  rejection  J  a  line  in 
which  is  invariant  under  perturbation  of  the 
viewpoint,  the  bilaterally  symmetric  line-drawing  is 
the  orthographic  projection  of  a  local  surface  of 
revolution.  The  axis  of  revolution  is  the  back- 
projection  of  the  symmetry  axis.  Various  line¬ 
drawing  configurations  for  which  the  back- 
projection  is  invariant  were  detailed.  It  was  conjee 
tured  that  isolated  ellipses  and  isolated  straight-line 
segments  are  the  only  bilaterally  symmetric  line- 
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drawings  whose  symmetry  axes  are  not  projections 
of  lines  in  space  which  are  invariant  under  pertur¬ 
bation  of  the  viewpoint.  Throughout,  only  surface 
regions  loeal  to  the  scene-events  corresponding  to 
the  lines  were  constrained. 

It  might  interest  the  reader  to  learn  that  this 
work  was  prompted  by  the  observation  in  [Nalwa, 
1987]  that  surfaces  which  orthographieally  project, 
under  general  viewpoint,  onto  eireles  in  line- 
drawings  can  be  described  locally  by  spheres. 

Finally,  we  note  that  we  have  made  no  effort 
whatsoever  to  suggest  schemes  for  the  detection  in 
line-drawings  of  bilateral  symmetry,  in  general,  and 
ellipses  and  straight-lines,  in  particular.  Neither 
have  we  analyzed  the  robustness  of  the  conclusions 
whieh  may  be  drawn  from  bilateral  symmetry  in 
line-drawings,  i.e.,  whether  approximate  symmetry 
translates  to  approximate  local  surfaces  of  revolu¬ 
tion.  Practical  considerations  demand  that  these 
issues  be  addressed. 

Appendix  :  Bilateral  Symmetry  in  Ortho¬ 
graphic  Projections  of  Planar  Curves 

Theorem  :  Segments  of  straight-lines  and  conic- 
sections,  i.e.,  ellipses,  parabolas,  and  hyperbolas, 
are  the  only  planar  curves  whose  orthographic  pro¬ 
jections  exhibit  local  bilateral  (reflective)  symmetry 
under  general  viewpoint. 

Corollary  1  :  Curves  whose  orthographic  projec¬ 
tions  exhibit  local  bilateral  symmetry  under  general 
viewpoint  are  planar  if  and  only  if  their  projections 
are  conic-sections  or  straight-lines. 

Corollary  2  :  Ellipses  and  straight-line  segments 
are  the  only  finite  planar  curves  whose  orthographic 
projections  exhibit  bilateral  symmetry  under  general 
viewpoint. 

It  is  assumed  throughout  this  appendix  that 
the  curves  under  consideration  are  pieeewise  ana¬ 
lytic,  i.e.,  the  eurves  are  comprised  of  finitely  many 
analytic  segments.  This  restriction  does  not  in  any 
significant  way  constrain  the  domain  as  long  as  we 
do  not  require  a  priori  knowledge  of  the  analytic 
segment  end-points. 

Note  that  the  theorem  refers  to  local  bilateral 


symmetry,  i.e.  rellective  symmetry  exhibited  on 
some  open  interval  of  the  curve-segment.  Corollary 
2,  on  die  other  hand,  refers  to  symmetry  exhibited 
by  the  complete  curve.  It  is  assumed  in  the  state¬ 
ment  of  the  theorem  that  a  pair  of  straight  lines 
meeting  at  a  point  is  a  special  case  of  a  hyperbolic 
branch.  It  is  of  interest  to  note  thai  the  ortho¬ 
graphic  projections  of  conic-sections  and  straight^ 
lines  exhibit  global  bilateral  symmetry  under  every 
viewpoint,  not  just  some  general  viewpoint.  Corol¬ 
lary  1  follows  from  the  fact  that  the  orthographic 
projection  of  a  curve  under  general  viewpoint  is  a 
conic-section  or  straight-line  if  and  only  if  the  origi¬ 
nal  curve  is  a  conic-section  or  straighCline. 

It  is  our  conjecture  that  the  planarity  restric¬ 
tion  from  Corollary  2  may  be  removed,  i.e.,  we 
should  be  able  to  assert  that  ellipses  and  straight- 
line  segments  are  the  only  finite  space  curves  whose 
orthographic  projections  exhibit  bilateral  symmetry 
under  general  viewpoint.  However,  the  planarity 
restriction  cannot  be  removed  from  the  Theorem 
The  circular  helix  is  an  example  of  a  non-planar 
space  curve  whose  segments  exhibit  locai  bilateral 
symmetry  under  orthographic  projection  with  a 
general  viewpoint. 

Fig.  7  shows  a  curve-segment  whose  ortho¬ 
graphic  projection  under  general  viewpoint  is 
assumed  to  exhibit  local  bilateral  symmetry.  It  is 
further  assumed  that  for  some  viewpoint,  the 
back-projeetion  of  the  mirror  axis  is  M.  It  inter¬ 
sects  the  curve  at  (x,y).  It  is  easy  to  see  that  the 
tangent,  T,  at  (x,y)  will  project  to  the  tangent  at 
the  projection  of  (x,y).  As  the  tangent  at  the  pro¬ 
jection  of  (x,y)  is  perpendicular  to  the  mirror  axis, 
any  line  parallel  to  this  tangent  will  intersect  (if  at 
all)  the  projected  eurve  at  equal  distances  from  the 
mirror  line.  Because,  distances  in  any  one  direction 
on  the  object  plane  are  uniformly  distorted  under 
projection,  it  follows  that  any  line  parallel  to  T  will 
intersect  (if  at  all)  the  original  curve  at  two  points, 
say  (x  j,y  ,)  and  (x  2,y  2).  "’hose  midpoint  lies  on 
M.  This  is  a  necessary  and  sufficient  condition  for 
the  projected  curve  to  exhibit  local  bilateral  sym¬ 
metry  about  the  projection  of  M  for  some 
viewpoint.  It  has  been  assumed  here  that  the 
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tangent,  T,  at  (x,y)  is  well  defined,  i.e.  the  curve  is 
C  1  at  (x,y).  If  this  is  not  true,  then  the  above  con¬ 
dition  can  be  relaxed  so  that  we  require  that  every 
line  parallel  to  some  arbitrary  line,  T’,  intersect  (if 
at  all)  the  original  curve  at  two  points  such  that 
their  midpoint  lies  on  M. 

Lemma  1  :  With  the  exception  of  a  pair  of 
straight-lines  meeting  at  a  point,  planar  curves 
whose  orthographic  projections  exhibit  local  bilateral 
symmetry  under  general  viewpoint  are  analytic  and 
without  inflections. 

Proof  :  Non-analytic  and  inflection  points  on  any 
curve  have  a  one-to-one  correspondence  with  non- 
analytic  and  inflection  points  on  the  projected 
curve  as  long  as  the  viewing  direction  does  not  lie 
in  the  plane  of  the  original  curve.  Such  viewing 
diiections  are  excluded  by  the  general  viewpoint 
assumption.  For  the  projected  figure  to  exhibit 
bilateral  symmetry  we  must  be  able  to  pair  up 
non-analytic  points  and  inflection  points  such  that 
the  pairs  comprise  of  mirror  images  under  projec¬ 
tion.  Every  inflection  must  belong  to  one  such 
pair.  Non-analytic  points,  however,  may  also  lie  on 
the  mirror  axis  itself.  Bilateral  symmetry  requires 
that  the  mirror  axis  bisect  the  straight-lines  joining 
the  projections  of  the  paired  non-analytic 
(inflection)  points.  It  follows  that  that  the  back- 
projection  of  the  mirror  axis  must  bisect  the 
straight-lines  joining  the  paired  non-analytic 
(inflection)  points  in  the  object  plane. 

It  is  easy  to  see  that  in  the  presence  of  non- 
analytic  (inflection)  points,  the  back-projection  of 
the  mirror  axis,  if  any,  would  be  fixed  in  all  cases 
except  when  there  is  either  a  single  instance  of 
paired  non-analytic  (inflection)  points  or  an  isolated 
non-analytic  point  on  the  mirror  axis.  With  a  fixed 
mirror  axis,  the  curve  cannot  exhibit  bilateral  sym¬ 
metry  under  general  viewpoint  because  the  angles 
formed  at  the  intersection  of  the  curve  with  the 
mirror  axis  cannot  remain  symmetric  under  pertur¬ 
bation  of  any  viewpoint.  Fig.  8  illustrates  how  a 
bilaterally  symmetric  curve  with  inflections  and 
discontinuities  undergoes  distortion  and  loss  of 
symmetry  under  orthographic  projection. 

In  case  the  back-projection  of  the  mirror  axis 


is  constrained  to  pass  through  the  center  of  a  line 
joining  a  pair  of  non-analytic  (inflection)  points, 
symmetry  cannot  be  maintained  under  general 
viewpoint  because  of  the  following  argument.  The 
requirement  that  the  line  joining  the  pair  of  non- 
analytic  (inflection)  points  be  perpendicular  to  the 
mirror  axis  in  the  projected  plane  leads  to  the  con¬ 
straint  that  the  back-projection  of  the  mirror  axis 
bisect  all  straight-line  segments  parallel  to  the  line 
joining  the  pair  of  non-analytic  (inflection)  points 
and  bounded  by  the  original  curve.  But,  for  any 
given  curve,  this  constraint  fixes  the  back- 
projection  of  the  mirror  axis,  if  any.  Hence,  this 
configuration  cannot  exhibit  symmetry  under  gen¬ 
eral  viewpoint  either. 

In  case  of  an  isolated  non-analytic  point  on 
the  mirror  axis  we  first  note  that  the  non-analytic 
point  must  be  a  tangent  discontinuity.  If  this  is 
not  so,  the  necessary  and  sufficient  condition 
described  above  cannot  be  satisfied  under  perturba¬ 
tion  of  the  viewpoint.  If  the  isolated  discontinuity 
is  a  tangent  discontinuity  the  only  admissible  local 
curve  which  would  exhibit  bilateral  symmetry 
under  general  viewpoint  is  a  pair  of  straight-lines. 

It  follows  that  with  the  exception  of  a  pair  of 
straight-lines  meeting  at  a  point,  the  curve  must  be 
analytic  and  without  inflections. 

Q.E.D. 

Lemma  2  :  With  the  exception  of  straight-lines,  for 
planar  curves  whose  orthographic  projections  exhibit 
local  bilateral  symmetry  under  general  viewpoint, 
the  back-projections  of  the  axes  of  local  symmetry 
under  different  viewpoints  intersect  at  a  single 
point.  ( I  his  point  of  intersection  may  be  at 
infinity,  i.e.  all  the  back-projections  may  be  paral¬ 
lel.) 

Proof  :  If  the  curve  is  a  pair  of  straight-lines  meet¬ 
ing  at  a  point,  then  this  lemma  is  immediately  seen 
to  be  true  with  all  the  back-projections  of  the  mir¬ 
ror  axes  passing  through  the  meeting  point.  If  this 
is  not  so,  then  it  follows  from  the  previous  lemma 
that  the  curve  is  analytic  and  without  inflections. 
Consider  Fig.  7,  once  again.  As  argued  above,  a 
necessary  and  sufficient  condition  for  the  projected 
curve  to  exhibit  bilateral  symmetry  about  the  pro- 
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jection  of  M  for  some  viewpoint  is  that  any  line 
parallel  to  the  tangent,  T,  at  (x,y)  intersect  (if  at 
all)  the  original  curve  at  two  points,  (x  i,y  i)  and 
(x 2,y  2)1  whose  midpoint  lies  on  M.  Now  note  that 
under  perturbation  of  viewpoint  within  an  open  set 
on  the  Gaussian  ohere,  the  back-projection  of  the 
mirror  axis,  in  g  ral,  cannot  continue  to  pass 
through  (x,y)  beca  „•  bilateral  symmetry  requires 
that  the  projections  of  M  and  T  intersect  at  right 
angles  over  and  above  the  condition  just  specified. 
The  only  exception  to  this  observation  is  the  degen¬ 
erate  case  of  a  straight-line  for  which  every  line 
through  every  point  is  the  back-projection  of  an 
axis  of  symmetry  fc;  some  viewpoint.  Disregarding 
straight-lines,  analyticity  about  (x,y)  implies  that  a 
perturbation  of  the  viewpoint  will  perturb  the 
intersection,  (x,y).  We  may  assume,  without  any 
loss  of  generality,  that  the  back-projection  of  the 
Mirror  axis  under  some  different  viewpoint  {  asses 
through  (x1(yj).  Call  this  back-projection  M,  and 
let  it  intersect  M  at  the  origin  0.  If  M  1  is  parallel 
to  M,  thtTi  O  will  be  art  wUnkty  tty  lUf  argu¬ 
ments  as  those  just  presented,  it  is  seen  that  any 
line  parallel  to  the  tangent,  T 1,  at  (xlfyi)  will 
intersect  (if  at  all)  the  original  curve  at  two  points, 
say  p  j  and  q  lt  such  that  their  midpoint,  r  h  lies  on 
M,.  Now  notice  that,  given  the  segment  of  the 
curve  above  M,  the  segment  below  M  is  completely 
determined.  We  may  imagine  it  to  be  generated  in 
the  following  way.  First,  project  the  upper  seg¬ 
ment  orthographically  in  the  direction  for  which 
the  projection  of  M  is  the  mirror  axis.  Then,  reflect 
this  projection  about  the  mirror  axis  and  back- 
project  it  onto  the  object  plane.  Let  us  now  con¬ 
sider  that  this  pr^eedur;  «  ^  ptwl  wJ  ..I)  K  lJ,r 
upper  segment  of  the  curve,  but  also  to 
Tj,  M„  p  x,  q  1  and  r,.  Let  the  corresponding  lines 
and  points  below  M  be  subscripted  by  2's.  1  hen  it 
is  not  hard  to  see  that  M  2  will  pass  through  (x  2,y  2) 
and  0.  Also,  T2  will  be  tangent  to  the  curve  at 
(x2,y  2).  Further,  p2q2  will  be  parallel  to  T2  and 
r2,  the  midpoint  of  p  2q 2.  will  lie  on  M2.  Conse¬ 
quently,  M2  is  the  back-projection  of  the  mirror 
axis  through  (x2,y  2).  So,  we  have  shown  that  three 
back- projections  or  uiiftor  a-vts,  M  ,  'v«  j  and  M2, 
intersect  at  one  point,  0.  As  this  argument  holds 


for  all  choices  of  points  and  lines  in  the  region 
above  M,  we  can  choose  (x  1;y  1)  arbitrarily  close  to 
(x,y).  Then,  we  can  proceed  to  apply  the  same 
argument  to  the  point  which  is  the  mirror  image  of 
(x,y)  about  M,  under  orthographic  projection,  i.e. 
we  make  M,  play  the  role  previously  played  by  M 
and  conclude  that  the  back-projection  of  the  mirror 
axis  through  the  new  point  will  also  pass  through 
0.  Continuation  of  this  argument  leads  to  the 
desired  result. 

Q.E.D. 

Proof  of  Theorem  :  Consider  Fig.  7,  once  again. 
We  consider  only  curves  other  than  straight-lines 
and  a  pair  of  straight-lines  meeting  at  a  point,  both 
of  which  exhibit  local  bilateral  symmetry  under 
orthographic  projection  with  a  general  viewpoint. 
Lemma  1  now  allows  us  to  restrict  our  attention  to 
analytic  curves  without  inflections  and  Lemma  2 
tells  US  that  the  back-project, ivns  of  the  mirror  axes 
either  all  intersect  at  a  point  in  the  finite  plane  or 
that  they  are  all  parallel,  ir  the  fixed  point  is  not 
iiiflTiity,  we  may  assume  withal  any  Us  A  6?n 
erality  that  it  lies  at  the  origin.  As  argued  before, 
a  necessary  and  sufficient  condition  for  M  to  be  the 
bark-projection  of  a  mirror  axis  is  that  any  line 
parallel  to  T,  the  tangent,  at  (x,y),  intersect  (if  at 
all)  the  curve  at  two  points,  (x  ,,y  j)  and  (x  2,y  2), 
whose  midpoint  lies  on  Nl.  We  express  this  obser¬ 
vation  in  the  following  two  equations.  Equation  (1) 
is  obtained  by  equating  the  tangent  at  (x,y)  to  the 
slope  of  the  line  joining  (7  x-U\)  and  ( ^ a- V s )  Equa¬ 
tion  (2)  is  obtained  by  equating  the  slope  of  the 
back-projection  of  the  m  'ror  axis  to  that  of  the 
line  joining  (x,y)  w  ith  the  midpoint  of  (  j  j,y  j )  and 
E  2 ,  !J  2 ) ■  Wt  1  dll  t  hi”  slope  A  \  1  it  t..  r  e 1  tied  tvTlt , 

k,  when  the  back-projections  of  the  mirror  axes  are 
parallel  and  y/x  when  they  intersect  at  the  origin. 

jty  =  ID 

dx  X  1  X  2 


If  we  let  Aj  —  7]  7  and  A2  =  72  7.  then  we 

can  rewrite  the  two  equations  as  follows. 

■Jbi  ^ 

y  1-2/2  =  l^i  ^2 )~r  E5) 
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»i  +  02  =  (Ai  +  A2)  t(x,y)  +  2y  (4) 

Adding  and  subtracting  (3)  and  (4)  we  get, 

20.  =  2 y  +  (A,+A2)  s(x  ,y  )  +  (A,-A2)^  (5) 

ax 

202  =  2j /  +  (Aj+A2)  #(*  ,y  )  -  (Aj-Aa)-^  (6) 

az 

We  now  write  out  the  Taylor  series  expansion  for 
0.  and  y2.  This,  of  courc<>,  is  under  the  assumption 
that  y  is  a  function  of  x  in  the  neighborhood  of 
(x,y).  This  assumption  is  reasonable  because  were 
it  not  the  case,  we  could  always  rotate  the  axes 
without  any  loss  of  generality. 


0 1=0  +  Aj^-  + 
dx 


A.2  d2 


d3y 


dx  2  dx2  6 
+  higher  order  terms 


l2=y  +AA+—^r  +  ^-^- 

dx  2  dx"  6  dx 3 
+  higher  order  terins 


We  equate  the  expressions  for  y ,  in  equations  (5) 
and  (7)  to  get  equation  (9)  and  the  expressions  for 
02  in  equations  (6)  and  (8)  to  get  equation  (10). 


We  now  substitute  for  A2  in  terms  of  A,  from 
equation  (9)  into  equation  (10)  and  equate  the 
coefficients  of  the  A2  terms  on  the  two  sides  of  the 
resulting  equation  (the  coefficients  of  the  A!  and 
A,2  terms  result  in  identities).  Simplification  leads 
to  the  following  third  order  non-linear  ordinary 
differential  equation. 


d3y  dy 
dx3  dx 


0  (11) 


The  satisfaction  of  this  third  order  ordinary 
differential  equation  in  the  neighborhood  of  the 
intersection  of  the  back-projection  of  the  mirror 
line  and  the  original  curve  is  a  necessary  condition 
for  the  projected  curve  to  exh’bit  bilateral  sym¬ 


metry  under  perturbation  of  the  viewpoint,  i  e. 
under  the  general  viewpoint  assumption. 

We  now  observe,  that  if  the  position,  tangent 
and  curvature  of  (x,  y)  completely  determine  any 
curve  which  also  satisfies  the  differential  equation 
then  this  curve  must  be  the  unique  solution  to  the 
third  order  differential  equation  under  the  given 
conditions.  This  is  a  result  from  the  theory  of  ordi¬ 
nary  differential  equations3.  Let  us  assume  that  the 
position,  tangent  and  curvature  of  (x,y)  are  known. 
The  curvature,  k,  may  be  positive  or  negative.  It 
may  not  be  zero  because  straight-lines  have  been 
excluded  from  this  discussion  and  inflections  are 
disallowed  by  Lemma  1.  We  examine  the  various 
solutions  to  the  differential  equation  for  both, 
s(x>y)  =  y/x  and  s(x,y)  =  k.  First,  we  make  two 
observations  about  restrictions  on  the  position  and 
tangent  of  (x,y).  One,  (x,y)  cannot  lie  at  the  fixed 
point.  It  is  not  hard  to  see  that  this  would  make 
equations  (1)  and  (2)  unsatisfiable  under  perturba¬ 
tion  of  the  viewpoint.  Two,  the  tangent  at  (x,y) 
cannot  lie  along  the  back-projection  of  the  mirror 
axis.  I  his  follows  from  the  requirement  that  the 
mirror  axis  be  orthogonal  to  the  tangent  at  (x,y)  in 
the  projected  plane. 

Case  s(x,y)  =  y  / x  ,  k  >  0  :  Unique  ellipse  cen¬ 
tered  at  the  origin.  The  parameterization, 
x  —  a  cos(t  t0)  and  y  —  b  sin(t  1 0),  easily 
verifies  (11). 

Case  s[x  ,y  )  —  y  / x  ,  k  <0  Unique  hyperbola 
centered  at  the  origin.  The  parameterization, 
x  =  a  coshft  tQ)  and  y  =  b  sinh(t  t0),  easily 
verifies  (11). 

Case  s(x  ,y  )  —  k  ,  k  0  :  Unique  parabola  with 

3  We  may  rewrite  the  third  order  differential  equation 
as  \  system  of  first  order  differential  equations, 
y1  =  f(x,y„yi,y3)  =  [y  s,  y  „  3y  //(y ,  -  s(x  ,y  ,))| 
where  y  =  |y  (,  y  2,  y  ,|  =  [y  ,  y  '  ,  y"  j.  The  primes 
denote  differentiation  with  respect  to  x.  Now  note  that 
(dy  /dx  -  s(x  ,y  ))  ¥=  0  because  if  the  slope  of  the  tangent 
at  (x,y)  were  the  same  as  that  of  the  back-projection  of  the 
mirror  axis  through  (x,y),  then  their  projections  could  not 
be  at  right  angles  for  any  viewpoint.  It  easily  follows  that 
f  satisfies  the  Lipschitz  condition  (see  [Coddington,  1661  j) 
and  hence  the  initial  value  problem, 
y  '  =  f(x  ,  y  )  with  y  (x  0)  =  y  0,  has  at  mos'  one  solu¬ 
tion  on  any  interval  containing  x0. 
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axis  having  slope  k.  The  parameterization,  y  —  t 
and  x  =  t2  with  k  =  0  easily  verifies  (11). 

Hence,  we  see  that  segments  of  eonie-scctions 
are  the  only  non-zero  curvature  solutions  to  the 
differential  equation  whose  satisfaction  in  the  neigh¬ 
borhood  of  (x,y)  is  a  necessary  condition  for  local 
bilateral  symmetry  to  be  exhibited  by  an  analytic 
cuive4.  As  an  aside,  straight-lines  are  the  zero  cur¬ 
vature  solutions  to  the  equation.  The  complete 
curve  is  uniquely  specified  by  analytic  extension. 
Now  note  that  orthographic  projections  of  ellipses, 
parabolas  and  hyperbolas  always  belong  to  the 
corresponding  family'1’,  lienee,  eonie-seetion  seg¬ 
ments  do  project  to  curves  exhibiting  local  bilateral 
symmetry.  It  follows  that,  besides  straight-lines 
and  pairs  of  straight-lines  meeting  at  a  point,  seg¬ 
ments  of  conie-seetions  are  the  only  planar  curves 
which  may  exhibit  local  bilateral  symmetry  under 

orthographic  projection  with  a  general  viewpoint. 

Q.E.D. 

Acknowledgement 

This  work  was  inevitably  influenced  by  Tom 
Binford,  who  introduced  the  author  to  computer 
vision.  Raz  Stowe  suggested  that  1  formulate  my 
arguments  towards  the  proof  of  the  theorem  in  the 
Appendix  using  a  third  order  differential  equation. 
Discussions  with  Hong-Sch  Lim  prompted  the  gen¬ 
eralization  of  Corollary  2  in  the  Appendix  to  the 

4  Instead  of  formulating  the  third  order  differential 
equation  we  could  equivalently  have  presented  a  procedure 
which  would  result  in  a  unique  numerica1  solution  for  the 
curve,  given  the  position,  tangent  and  curvature  at  (x,y). 

Given  this  information  at  (x,y),  one  could  first  predict,  us¬ 
ing  the  Taylor  series,  the  positions  and  tangents  at  the 
points  with  x-coordinates  x  ,  =  x  ±(.  Then,  as  s  ( . , . ) 
determines  the  back-projection  of  the  mirror  axis  through 
every  point  on  the  curve,  we  could  predict  the  position  and 
tangent  at  the  back-projections  of  the  mirror  images  of 
(x,y)  about  the  mirror  axes  through  (x ,, . ).  The  mirror 
axes  through  these  newly  determined  points  could  now  be 
used  to  further  extend  the  curve,  and  so  on.  The  errors  in 
the  positions  and  tangents  of  (x  ,, . )  are  proportional  to  e 
and  <J,  respectively,  and  the  number  of  iterations  needed 
to  describe  the  curve-segment  is  proportional  to  l/c. 
Hence,  as  we  let  t  -*  0,  the  numerical  solution  will  con¬ 
verge  to  the  true  solution. 

4  This  can  be  verified  for  conic-sections  by  noting  that 
the  discriminant,  b S  4ac ,  of  the  quadratic, 
axs  +  bxy  +  cy !  +  dx  +  ey  -I-  f  =0,  does  not  change 
sign  under  orthographic  projection. 
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Fig.  1.  Line-Drawing  with  Various  Types  of  Edges  Fig.  2-a.  Crystals  Exhibit  a  Symmetric  Atomic  Arrangement 

(The  Sodium  Chloride  Crystal  Structure  is  Shown) 
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Abstract 

The  Laplacian  of  Gaussian  (LoG)  operator  is  one  of  the 
most  popular  operators  used  in  edge  detection.  This  oper¬ 
ator,  however,  has  some  problems:  all  zerocrossings  do  not 
correspond  to  edges  and  also,  zerocrossings  do  not  always 
accurately  localize  edges.  In  this  paper,  we  offer  solutions 
to  these  two  problems  foi  one  dimensional  signals,  such  as 
slices  from  images.  For  the  problem  of  bias,  we  propose 
different  techniques;  the  first  one  combines  the  results  of 
the  convolution  of  two  LoG  operators  of  different  standard 
deviations,  whereas  the  others  sample  the  convolution  with 
a  single  LoG  filter  at  two  points  besides  the  zerocrossing. 
In  addition  to  localization,  these  methods  allow  us  to  fur¬ 
ther  characterize  the  shape  of  the  edge.  We  also  discuss 
'  L  problem  of  edge  interaction  and  offer  a  partial  solution 
tor  .  Results  on  synthetic  and  real  images  are  presented. 


1  Introduction 

Processing  of  visual  information  begins  with  the  transfor¬ 
mation  of  a  very  large  amount  of  viewer  centered  visual 
input  into  a  set  of  meaningful  object  centered  description. 
Physical  edges  are  one  of  the  most  important  properties  of 
an  object.  In  the  projection  transform  onto  a  retina,  these 
edges  are  very  likely  to  create  intensity  changes.  The  re¬ 
verse  is  not  true,  as  an  intensity  change  can  have  its  source 
in  a  change  of  some  property  of  an  illuminated  surface,  such 
as  reflectance  or  surface  marking.  Therefore  it  is  reason¬ 
able  to  assume  t  bat  the  very  first  step  in  the  analysis  of  an 
image  is  the  detection  of  intensity  changes. 

It  can  be  argued  that  just  the  position  of  edges  is  a  strong 
indication  of  shape,  as  they  allow  understanding  and  recog¬ 
nition  of  objects  in  cartoons.  We  believe  that  success  at 
subsequent  levels  in  a  vision  system  crucially  depends  on 

Ihis  research  was  supported  by  the  Defense  Advanced  Research 
Projects  Agency  under  contract  number  F33615-84-K-1404,  mon¬ 
itored  by  the  Air  Force  Wright  Aeronautical  Laboratories,  Darpa 
Order  No.  3119. 


good  features  extracted  from  the  signal.  These  extracted 
features  should  have  the  properties  of  completeness,  that  is 
they  should  capture  all  of  the  information  present  in  the 
intensity  image,  and  of  meaningfulness,  that  is  they  should 
make  the  important  object  centered  properties  explicit. 

Since  the  work  of  Roberts  [15]  in  the  early  60’s,  a  number 
of  edge  detectors  have  been  proposed.  They  can  be  classi¬ 
fied  in  two  broad  classes,  depending  on  whether  they  use 
first  or  second  derivative  properties. 

1.1  First  Derivative  Edge  Detectors 

In  this  approach,  edges  can  be  detected  as  local  maxima 
of  the  image  convolved  with  a  first  derivative  operator. 
Roberts  [15]  and  Sobel  [3,5]  use  a  straightforward  imple¬ 
mentation  of  this  idea.  Differentiation,  however,  is  a  noise 
enhancing  operation,  forcing  researchers  to  perform  a  smooth¬ 
ing  step  prior  to  differentiation,  as  described  in  [5], 

Recently,  Canny  [2]  derived  the  “optimal”  shape  of  such 
an  operator,  based  on  signal  to  noise  ratio  considerations;  it 
is  a  linear  combination  of  four  exponentials  which  is  closely 
approximated  by  the  first  derivative  of  a  Gaussian.  This 
edge  detector  performs  rather  well  on  real  images  and  has 
been  used  by  many  authors.  However,  the  biasing  problem 
that  we  discuss  in  this  paper  also  affects  this  operator  since 
it  uses  a  Gaussian  function  as  a  smoothing  filter. 

It  should  be  noted  that  all  detectors  using  first  derivative 
require  a  thinning  step,  since  an  edge  responds  with  a  broad 
peak. 

1.2  Second  Derivative  Edge  Detectors 

Here,  edges  are  detected  as  the  location  where  the  second 
derivative  of  the  (smoothed)  image  crosses  zero.  One  of  the 
widely  used  operators  in  this  class  has  been  proposed  by 
Marr  and  Hildreth  [l],  and,  as  a  result,  the  performance  of 
most  edge  detectors  is  compared  to  it.  The  basic  idea  is  to 
convolve  the  image  with  a  Laplacian  of  Gaussian  mask.  The 


amount  of  smoothing  is  controlled  by  the  variance  of  the 
Gaussian,  The  main  objection  to  the  use  of  this  operator 
ftas  been  that  it  lms  ±juvt  localization  properties  olid  intiv- 
duces  a  bias  in  the  edge  location  estimation,  see  [6,8,9,14]. 

Another  operator  of  interest  has  been  proposed  by  Har- 
alick  [8],  where,  edges  are  detected  as  the  zerocrossings  of 
the  second  directional  derivative  in  the  direction  of  the  gra¬ 
dient.  Derivatives  are  computed  by  fitting  a  facet  model 
to  the  sampled  intensity  values.  On  some  images,  the  re¬ 
sulting  edges  are  visually  better  than  the  ones  from  the 
Marr-Hildreth  detector.  But  this  method  is  computation¬ 
ally  more  expensive  than  the  Laplacian  of  Gaussian  opera¬ 
tor.  Torre  and  Poggio  [7]  give  an  excellent  analysis  of  the 
difference  between  the  Laplacian  and  the  second  derivative 
in  the  direction  of  the  gradient. 

Also  worth  noting  is  the  work  of  Nalwa  and  Binford  [6],  in 
which  a  Tanh  curve  is  fit  to  the  signal.  This  operator  is  not 
linear  and  does  not  lend  itself  to  a  multiscale  approach,  but 
claims  to  reduce  the  error  in  the  estimation  of  the  location 
of  an  edge. 

In  the  study  presented  here,  we  will  demonstrate  that  the 
bias  introduced  by  a  LoG  filter  can  be  corrected,  and  we 
will  show  different  methods  to  perform  this  correction,  with 
the  common  characteristic  that  they  all  perform  only  a  few 
local  operations. 

The  next  section  presents  an  analysis  of  the  zerocrossings 
obtained  after  convolution  with  a  LoG  operator.  We  first 
show  that  some  zerocrossings  do  not  correspond  to  edges, 
then  express  the  bias  in  position  as  a  function  of  the  param¬ 
eters  of  an  edge.  Section  3  presents  how  this  bias  can  be 
corrected  using  two  different  scales,  section  4  presents  two 
different  methods  to  correct  bias  using  a  single  scale.  In 
section  5,  we  present  another  source  of  error  in  edge  posi¬ 
tion  and  give  a  partial  solution  to  it.  Finally,  we  summarize 
our  results  and  outline  future  research. 

2  Analysis  of  the  Zerocrossings  from 
a  LoG  Operator 

The  Laplacian  of  Gaussian  operator,  introduced  by  Marr 
and  Hildreth  [l],  uses  a  Gaussian  function  to  filter  out  the 
noise  component  of  the  input  signal  and  takes  the  lapla¬ 
cian  of  the  resulting  smoothed  signal.  In  practice,  both  of 
the  above  processes  are  performed  in  one  step  by  convolv¬ 
ing  the  input  signal  with  a  Laplacian  of  Gaussian,  the  LoG 
operator.  The  LoG  operator  has  many  useful  properties, 
which  makes  the  operator  interesting,  such  as:  the  effect  of 
noise  can  be  reduced  by  changing  the  standard  deviation 
(a)  of  the  operator.  The  level  of  the  resolution  of  the  oper¬ 
ator  can  be  changed  by  manipulating  the  a.  Many  studies 
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show  that,  the  Gaussian  function  is  a  very  good  approxi¬ 
mation  for  an  optimal  filter  to  be  used  in  edge  detection, 
•see  (2,7j.  In  aidHiuny  the  convolution  ear*  be  psrfuCruHll 
very  efficiently,  either  by  approximating  the  LoG  by  a  DoG 
(Difference  of  Gaussians)  [l],  or  by  other  decompositions 
[10,11].  The  LoG  operator  has  many  useful  properties,  but 
it  also  has  some  problems: 

-  Zerocrossings  do  NOT  always  correspond  to  actual 
edges,  but  to  inflection  points  instead. 

-  Zerocrossings  do  not  always  indicate  the  true  position 
of  an  edge. 

2.1  False  Response  of  LoG  Operator 

Second  derivative  operators  generate  a  zerocrossing  when¬ 
ever  the  input  function  has  an  inflection  point.  This  in¬ 
flection  point  generally  corresponds  to  step  edges  in  the 
input  signal  but  not  always.  Figure  1  shows  such  a  case,  in 
which  the  middle  zerocrossing  does  not  correspond  to  any 
step  edge.  In  fact,  it  results  from  an  inflection  point  with 
a  tangent  parallel  to  the  x-axis,  and  therefore  has  a  small 
first  derivative.  An  easy  solution  for  this  problem  would  be 
to  apply  a  threshold  to  the  value  of  the  first  derivative  as 
proposed  by  Haralick[8],  Thresholding,  however,  is  an  ill 
posed  problem,  as  there  is  no  guarantee  to  find  the  right 
threshold  for  any  input. 

Here  we  propose  a  method  which  does  not  require  any 
thresholding.  We  define  a  step  edge  as  an  inflection  point 
with  a  positive  maximum  or  negative  minimum  of  the  first 
derivative.  This  translates  into  a  simple  test: 

A  zerocrossing  correspond  to  an  edge  iff 

<  0 

Note  that  we  do  not  have  to  really  compute  but  instead 
s9n(f "),  which  is  nothing  but  the  polarity  of  the  zerocross¬ 
ing  of  the  output  of  LoG  operator.  For  the  calculation  of  /' 
we  have  to  convolve  the  input  curve  with  the  first  derivative 
of  gaussian  of  the  same  o  as  used  in  convolution  with  sec¬ 
ond  derivative  of  gaussian.  Note  that  we  do  not  have  to  do 
this  at  every  point,  just  at  the  location  of  the  zerocrossing. 

2.2  Bias  Introduced  by  a  LoG  Operator 

In  the  literature  it  has  been  pointed  out  repeatedly  by  [8,9] 
and  [14],  that  a  LoG  operator  has  poor  localization  as  o 
grows,  in  fact  it  biases  the  original  position  of  the  edge. 
To  analyze  this  bias,  let  us  convolve  tlie  operator  with  the 
following  function: 
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k2x  if  x  <  t 
k2x  +  d  otherwise 


This  defines  a  step  edge  at  location  x  =  t,  the  height  of 
the  step  is  d  and  the  slopes  either  sides  of  the  edge  are  k2 
and  k2.  The  result  of  the  convolution  with  a  LoG  operator 
is  (note  that  in  1-D,  the  LoG  operator  is  nothing  but  second 
derivative  of  gaussian  function): 


(/  *  G")(x)  =  -  (k2  -  ki))G(x  -  t )  (2) 


where  G(u)  is  the  gaussian  function  defined  as  (neglecting 
the  normalizing  constant  ^i—) 


G(u)  =  ef? 


The  zerocrossing  of  equation  2  is  located  at 


=  ,  +  [!^V 


Therefore  the  bias  is 


_  t  —  r  1  _2 

xt  t  -  [  ^  \a 


This  is  shown  in  figure  2,  which  shows  a  step  edge  with  dif¬ 
ferent  slopes  on  each  side  together  with  the  corresponding 
convolution  with  a  LoG  operator.  Note  the  displ  ‘cement 
of  the  zerocrossing  with  respect  to  the  original  location  of 
the  step  edge. 


We  present  two  different  methods  to  correct  the  bias  in¬ 
troduced  by  the  LoG  operator.  In  the  first  one,  we  perform 
the  convolution  at  two  different  resolutions  and  obtain  t 
by  solving  equation  4.  In  the  second  one,  we  use  a  single 
resolution  and  sample  the  convolved  output  at  more  loca¬ 
tions  besides  the  zerocrossing.  As  we  go  along,  we  illustrate 
our  approach  by  showing  the  processing  of  two  signals,  one 
synthetic  and  the  other  a  slice  from  a  real  image.  They  are 
displayed  in  figure  3  (real  image)  and  4  (synthetic).  For 
these,  (a)  shows  the  intensity  image  obtained  by  replicat¬ 
ing  a  slice,  (b)  shows  the  intensity  variation  along  any  of 
the  rows  of  the  image,  and  (c)  shows  the  displacement  of  ze¬ 
rocrossing  (-),  negative  extrema  (-  •),  and  positive  extrema 
(-  -)  as  a  function  of  the  filter  variance  a. 


Bias  Correction  Using  Multires¬ 
olution 


In  this  method,  the  input  signal  is  convolved  with  two  op¬ 
erators  of  different  a  values  to  find  the  true  location  of  the 


step  edge  detected  by  a  zerocrossing.  Equation  4  can  be 
rewritten  as  : 

xz  =  t  +  co1  (6) 

where 

k2  —  k-t 

c  =  ~T1 


In  equation  6,  there  are  two  unknowns,  t,  the  location  of 
the  step  edge  and  c,  the  ratio  of  slope  difference  on  each 
sides  of  the  edge  to  the  height  of  the  edge.  So,  we  need  two 
independent  equations,  or  two  samples  of  the  same  equa¬ 
tion  (equation  6)  to  solve  for  these  unknowns.  The  method 
of  multiresolution  uses  convolution  outputs  of  two  LoG  op¬ 
erators  with  different  o  values,  say  a2  and  o2.  Then  we 
have  two  linear  equations  in  t,  and  c. 


/  z*i  ~  * 
1  =  ^ 


=  t  +  CCTj 


and  the  straightforward  solutions  for  t  and  c  are: 


With  these  we  do  not  only  find  the  actual  location  of  the 
step  edge,  t,  but  we  can  predict  the  movement  of  a  zero¬ 
crossing  as  a  changes,  since  equation  6  is  completely  solved. 


This  method  applied  to  the  signal  in  figures  3  and  4  is 
shown  in  figures  5  and  6.  Figure  5-6  (a)  shows  the  corrected 
position  [a  =  0)  extrapolated  from  convolutions  with  two 
different  size  filters  (oj  =  3.0  and  a2  =  3.5).  Figure  5- 
6(b)  shows  further  description  for  each  detected  edge:  po¬ 
sition  with  subpixel  accuracy,  together  with  the  quantity 


This  method  has  some  problems: 


First  we  have  to  match  zerocrossings  of  two  convolution 
outputs  with  different  o  values.  As  clearly  seen  in  figure 
3(c),  zerocrossings  may  disappear  as  a  grows.  Thus,  we 
may  not  have  a  one  to  one  correspondence  of  zerocross¬ 
ings  in  two  convolution  outputs.  The  zerocrossings  in  the 
convolution  with  a  small  a  may  correspond  to  one  or  no 
zerocrossing  in  the  convolution  with  a  larger  a.  We  have 
to  solve  a  problem  of  correspondence,  which  requires  some 
more  decision  taking,  therefore  more  computation. 


The  second  and  more  important  problem  is  the  interac¬ 
tion  between  nearby  edges.  Since  the  LoG  operator  has  a 
relatively  large  support  (  approximately  7 a  pixels),  nearby 
features  affect  the  convolution  output  around  the  edge  of 
interest,  which  leads  us  to  distorted  or  incorrect  results. 


iffi 


970 


4  Bias  Correction  Using  a  Single 
Resolution 

The  second  method  to  calculate  the  values  t  and  c,  is  to  use 
just  one  convolution  output.  There  are  two  approaches  in 
using  a  single  resolution.  The  first  one  uses  the  locations 
of  the  maximum  minimum  and  zerocrossing  to  correct  the 
bias.  The  second  method  uses  the  convolution  output  val¬ 
ues  at  arbitrary  locations  around  the  zerocrossing. 

4.1  Using  Maximum  and  Minimum 


a  LoG  filter.  In  particular,  the  true  height  of  the  edge  can 
be  used  in  thresholding  the  output  of  the  operator  since  it 
is  usually  a  problem  to  find  a  natural  thresholding  criteria 
in  second  derivative  operators. 

In  figure  7  and  8  the  result  of  this  method  applied  to  the 
signals  in  figure  3  and  4  is  presented.  With  this  method,  as 
in  the  previous  one,  we  can  also  predict  the  movement  of 
the  zerocrossing  and  the  extrema  of  the  convolution  output 
as  a  changes.  Figures  7-8  (a)  show  the  predicted  position 
of  extreme  and  zerocrossing  based  on  their  actual  position 
in  the  convolution  with  a  LoG  filter  of  variance  o  (here  a  = 
3.0).  Figures  7-8(b)  list  each  edge  location  together  with 
its  estimated  step  size  ( d ),  and  slopes  difference  (fc2  —  fcj), 
and  the  amount  of  the  correction  in  localization  (a:*  —t). 


This  method  utilizes  the  locations  of  the  maximum,  mini¬ 
mum  and  zerocrossings  associated  with  a  step  edge.  Before 
going  into  the  details  of  the  method,  let  us  derive  the  equa¬ 
tions  for  the  locations  of  the  maximum  and  the  minimum 
of  the  convolution  output  for  the  same  step  edge  model. 
The  location  of  the  maximum  is: 


and  the  location  of  the  minimum  is  : 


where  c  is  given  by  equation  7.  When  we  sum  the  locations 
of  the  extremes  ( xp  and  x„)  and  subtract  the  location  of 
the  zerocrossing  we  get  the  true  location  of  the  step  edge, 
t,  a  very  elegant  invariant  of  the  problem. 


4.2  Second  Approach  to  Single  Resolu¬ 
tion 

Further  analysis  of  the  equations  show  that  we  do  not  need 
to  find  the  location  of  the  maximum  and  the  minimum  in 
the  convolution  output  to  find  t .  If  we  sample  the  convolu¬ 
tion  output  at  two  different  locations  say  at  xt  +  / 1  and  at 
xt  +  /2,  and  if  the  values  obtained  at  these  samples  are  mi 
and  m2,  that  is 

m  =  ~  *  till  -  (fc2  -  fei)]G(x  - « -Hi)  (16) 

oL 

and 

m2  =  \d{X~  -  (h  -  ki)}G(x  -t  +  h)  (17) 


(13) 

where  xz  is  the  location  of  the  zerocrossing  in  the  convolu¬ 
tion  output,  and  xp  ,  xn  are  given  above. 

The  location  of  the  step  edge  is  not  the  only  information 
that  we  can  get  out  of  these  formulas.  We  can  also  obtain 
the  height  of  the  step  edge,  d,  and  the  slope  difference  at 
each  side  of  the  step  edge,  (fc2  —  ki).  The  equation  for  the 
height  of  the  step  edge  can  be  obtained  from  equation  2: 


where  m  =  (/  *  G)(xz  +  /).  That  is,  m  is  the  value  of  the 
convolution  at  location  xz+l  for  some  arbitrary  l.  Also  the 
slope  differences  can  be  obtained  from  the  equations  6  and 
7,  given  as: 

(fc2  -  fcl)  =  (15) 

As  presented  here,  we  do  not  only  get  the  actual  location  of 
the  step  edges  with  subpixel  accuracy  but  we  can  also  get 
much  more  information  about  the  step  edge;  the  height  and 
the  slope  difference  on  each  side,  from  the  convolution  with 


The  ratio  of  these  two  expressions  gives  us: 

mi  ,xt  —  t  +  li  —  ca2  ,—{xt  —  t  +  li)2  +  [xx  —  t  +  l2)2 
— i  =  -  exn  I  — - - - 


» » «1  r *'1*1  ^  v  »  ’1/  1  \  z 

m2  xt  —  t  +  /2  —  co1  ^  2a2 

(18) 

where  c  is  given  in  equation  7.  Also  note  that  ca2  is  equal 
to  xz  -  t,  given  in  equation  6.  With  this  substitution  we 
get: 

m,  =  1,  exp  lf-|j  +  2(x.  -l)(l,-l,))  (19) 

m2  <2  2a 

This  equation  is  analytically  solvable  in  t 


(20) 

In  the  above  equation  if  we  set  /2  =  — 1\,  we  get  a  much 
simplified  equation,  but  when  working  with  discrete  data 
one  will  need  to  interpolate  the  values  mi  and  m2,  with  this 
restriction  on  l  values.  The  simplified  equation  is  : 

t  =  Zm  +  —  (21) 

2l\  m2 


For  choosing  the  values  / j  and  l2  there  are  two  consider¬ 
ations.  First,  the  srm"er  these  values  are  the  equation  will 
be  singular  and  ill  <•  d  and  the  accuracy  will  be  poor. 
Second,  the  larger  values  are  the  problem  of  inter¬ 

action  will  be  more  e,  which  is  discussed  in  the  next 
section.  It  is  a  trade  o>T  between  these  two.  In  the  ideal 
case,  there  is  no  distorsion  and  no  interaction,  all  values 
should  produce  the  same  result. 

This  medthod  applied  to  the  signals  in  figures  3  and  4 
are  shown  in  figures  9  and  10.  Figures  9-10  (a)  show  the 
predicted  positions  of  extrema  and  zerocrossing  based  on 
their  actual  position  in  the  convolution  with  a  LoG  filter  of 
variance  a  (here  a  =  3.0),  and  (/,  «  1.5).  Figures  9-10(b) 
list  each  edge  location  together  with  its  estimated  step  size 
and  slopes  difference,  and  the  amount  of  the  correction  in 
localization. 

4.3  Problems  with  the  Model 

Both  of  the  above  methods,  the  multiresolution  and  sin¬ 
gle  resolution  methods,  work  perfectly  unless  we  have  the 
problem  of  interference  between  nearby  features,  which  dis¬ 
places  the  locations  of  extrema  and  zerocrossings,  thus  the 
accuracy  of  the  calculations.  The  multiresolution  method 
seems  to  work  better  in  the  case  of  the  interaction  of  nearby 
features,  however  both  methods  are  affected.  The  move¬ 
ment  of  zerocrossing  with  respect  to  a  can  result  either 
k2  yt  k\  for  that  edge  or  from  the  interference  of  nearby 
features.  The  multiresolution  method  samples  the  actual 
movement  of  zerocrossings  with  respect  to  <r,  therefore  it 
also  partially  corrects  the  effect  of  interaction,  whereas  the 
single  resolution  method  works  on  one  sample  and  tries  to 
solve  the  problem  without  knowing  the  actual  movement  of 
the  zerocrossing.  One  should  note,  however,  that  it  reduces 
noticeably  the  bias  due  to  interaction  in  a  bump,  which  is 
studied  in  the  next  section. 


Solving  the  Interaction  Prob¬ 
lem 


The  problem  of  interaction  of  nearby  features  is  also  stud¬ 
ied.  The  first  solution  proposes  to  use  a  model  which  con¬ 
sists  of  two  features,  in  other  words,  a  model  which  ex¬ 
presses  the  relation  of  interaction  between  two  features. 
The  subsequent  sections  discusses  such  a  model  which  we 
call  a  “bump”  model. 


5.1  The  Bump  Model 

To  solve  the  interaction  problem,  a  new  model,  which  we 
call  a  bump,  is  used  which  has  the  following  functional  rep¬ 


resentation  : 


d  if  —  a  <  x  <  a 
0  otherwise 


and  the  convolution  output  for  this  model  is 


(B*G")(x)  = 


/  i  ,  ,  „  _  sa+2ai+a2 

[  [  —  (dx  —  aq)e  a2  +  dx  +  ad)e  2a2 


In  figure  11,  a  typical  bump  and  the  resulting  convolution 
output  is  shown.  The  locations  of  the  zerocrossings  are: 


Note  that  the  solution  for  zerocrossings  given  above  is  not 
an  explicit  solution  in  terms  of  xt.  Unfortunately,  there  is 
no  explicit  analytical  solution  for  that  formula.  Since  there 
are  no  analytical  solutions  for  the  above  formula,  it  is  solved 
using  the  Newton-Rapson  method.  From  that  equation,  we 
can  find  the  a  value  (half  of  the  width  of  the  bump),  and 
the  location  of  the  bump  is  just  in  the  middle  of  the  two 
zerocrossing  that  we  get  from  the  convolution.  In  addition, 
we  are  able  to  find  the  height  of  the  bump  by  the  following 
equation: 


.  *m  +  2axm+aa 
,  maie  2.<r2 

d  =  T7 - ^ -  (25) 

(-(Zm  -  a)e  o'  +Xm  +  a) 

where  xm  is  the  local  extremum  between  zerocrossings  and 
m  is  the  magnitude  of  convolution  at  location  xm. 

This  bump  model  is  in  fact  not  a  solution  to  the  problem 
of  interaction  of  nearby  features,  as  it  creates  more  prob¬ 
lems  than  it  solves:  First,  it  is  a  very  unflexible  model,  as 
it  restricts  the  two  sides  of  the  bump  to  be  equal,  which  is 
rarely  the  case  in  real  images  of  course.  The  second  prob¬ 
lem  is  that  this  model  predicts  two  edge  locations  for  each 
zerocrossing,  if  we  have  two  bumps  close  to  each  other.  The 
third  problem  is  that  it  only  considers  the  interaction  of  two 
step  edges,  whereas  in  the  real  world  we  have  interaction 
of  more  than  two  edges  (  practically,  all  edges  closer  than 
the  distance  3o).  The  first  problem  can  be  solved  by  using 
a  more  flexible  model  as: 

(d-i  if  t  —  a  <  x  <  t  +  a 

di  +  d2  if  x  >  t  +  a  (26) 

0  otherwise 

This  is  a  bump  with  different  heights  on  each  side,  d2  on 
left  side  and  —dx  on  the  right  side.  The  convolution  output 
for  this  model  is: 


2a(x~t) 


x-ty  +  2a[x-t)-\-g‘2 


(di((x  ~  Q  -  a)e  t2  +  d2((x  -  t)  +a))e  2? 


And  the  equation  for  zerocrossing  is 
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2  ax 

d\e° 2  -  d2  .  . 

x M  =  a - - +  t  (28) 

dies*  +  d2 

This  is  not  an  explicit  solution  either.  In  fact,  it  is  not 
possible  to  solve  this  equation  in  this  form  since  there  are 
many  unknowns  (a,  dl,  d2  and  t  which  is  the  location  of  the 
middle  of  ihe  bump).  Therefore  applying  this  model  is  no 
good  either.  Consequently,  the  bump  model  does  not  give 
any  help  in  solving  the  problem  of  interaction.  We  believe 
that  the  problem  of  edge  interaction  is  later  solved  by  Chen 
and  Medioni  [11], 


6  Conclusion  and  Future  Work 

Here  we  have  presented  a  method  to  refine  the  position  of 
edges  after  the  detection  of  the  zero  crossings  of  the  original 
signal  convolved  with  a  LoG  operator.  We  also  estimate  the 
shape  of  each  edge,  including  the  height  and  the  difference 
of  slopes  on  each  side. 

As  stated  in  section  4.3  the  main  disadvantage  of  this 
technique  is  that  it  does  not  solve  the  edge  interaction  prob¬ 
lem,  which  is  studied  and  solved  in  [ll].  That  study,  how¬ 
ever,  does  not  deal  with  the  bias  introduced  by  the  slope 
differences  of  the  step  edge.  We  believe  that  a  combination 
of  these  two  methods  will  produce  much  better  results. 

The  second  step  is  the  extension  to  2-D.  One  solution  is 
to  perform  convolution  in  rows  and  columns  of  the  image 
and  add  the  results.  Theoretically  having  the  information 
about  the  derivative  of  a  2-D  surface  in  two  independent  di¬ 
rections  is  sufficient  to  know  the  derivative  in  all  directions. 
This  is  true  when  noise  is  neglected.  Still,  this  method  is 
quite  sufficient  for  finding  edges  in  an  image.  But  the  true 
application  to  2-D  is  achieved  when  the  equations  are  mod¬ 
eled  in  2-D  and  solved  in  2-D.  However,  these  equations 
may  be  practically  too  difficult  to  solve  as  they  are  solved 
in  1-D  slices. 
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Figure  3:  (a)  Intensity  image  obtained  by  replicating  a  slice  from  a  real 
image,  (b)  The  slice  used  to  produce  the  image  in  (a),  (c)  The  displacement 
of  zerocrossing  (-),  negative  extrema  (-  •),  and  positive  extrema  (-  -)  in  the 
convolution  with  a  LoG  mask  as  a  changes  from  1.0  to  8.5 
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(a) 

Figure  7:  The  single  resolution  method  using  maxima  and  minima  applied 
to  the  signal  in  figure  3  with  a  —  3.0 

(a)  The  predicted  a  —  x  roa ce,  (b)  the  listing  of  features,  showing  the 
height  of  the  step  edge  and  location  correction. 
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(a) 

Figure  8:  The  single  resolution  method  using  maxima  and  minima  ap¬ 
plied  to  the  signal  in  figure  4  with  cr  =  3.0 

(a)  The  predicted  cr  —  x  space,  (b)  the  listing  of  features,  showing  the 
height  of  the  step  edge  and  location  correction. 
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Abstract 

Most  step-edge  detectors  are  designed  to  detect 
locally  straight  edge-segments  which  can  be  isolated 
within  the  operator  kernel.  While  it  ran  easily  be 
demonstrated  that  a  cross-sectional  support  of  at  least 
4  pixels  is  reijiiired  for  the  unambiguous  detection  of  a 
step-edge,  edges  which  cannot  be  isolated  within  win¬ 
dows  having  this  width  ran  nevertheless  be  resolved. 
This  is  achieved  by  preceding  the  step-edge  detection 
process  by  image-intensity  interpolation.  Although 
resolution  can  be  improved  in  this  fashion,  the  step- 
edge  position  and  intensity  estimates  thus  determined 
may  be  subject  to  systematic  biases.  Also,  the  higher 
resolution  performance  is  accompanied  by  lower 
robustness  to  noise. 


I.  Introduction 

Most  step-edge  detectors  are  designed  to  detect 
locally  straight,  edge-segments  which  can  he  isolated 
within  the  operator  kernel  (e.g.  [8],  [!>],  [9]).  It  was 
pointed  out  in  [9]  that  the  minimum  lateral  support 
required  for  the  unambiguous  detection  of  a  step-edge 
was  •(  pixels.  The  underlying  implication  was  that 
step-edges  for  which  such  a  support  was  unavailable 
would  require  special-purpose  detectors,  e.g.  line- 
detectors.  It  is  demonstrated  here  that  this  is  often 
unnecessary.  Contrary  to  common  belief  (see  [8],  [f], 
[5],  [!)]),  so-called  line-edges  can  he  detected  by  step- 
edge  detectors  if  we  first,  reconsi met  the  underlying 
imago-intensity  surface. 

Line-edges  have  often  been  mentioned  in  litera¬ 
ture  (see  [d])  without,  to  the  best  of  our  knowledge,  it 
over  being  explicitly  stated  when  two  locally  parallel 
straight  step-edges  constitute  a  line-edge,  i.e.  at  what 
separation  between  two  step-edges  do  we  consider 
them  to  constitute  a  single  line-edge,  and  why?  Th 
answer,  wo  claim  is  system  dependent.  As  discus 
at  length  in  [9]  edges  undergo  blurring"  w! 
registered  by  any  imaging  device1.  Whenever  ll 
“blur”  is  sufficient  to  cause  the  images  of  two  parallel 
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tion/  on  I’athrn  Analysis  and  Ala  ium  I ah  thyme 
This  work  was  supported  in  part  by  tin*  Defense  Advanced 
Research  Projects  Agency  under  contract  NUOUtt'l-K  l-(  -U'Jl  I 


step-edges  to  interact,  we  have  a  line-edge.  This  is 
illustrated  in  Fig.  1  for  the  1-D  continuous  case.  If  we 
assume  the  blurring  function  to  be  well-approximated 
by  a  Gaussian,  as  is  often  done  for  simplicity,  then  we 
can  consider  pairs  of  step-edges  separated  by  less  than 
•'*<Tbiur  to  constitute  line-edges.  (Typically,  biur  >  = 
0.5  pixel  for  imaging  systems  with  little  aliasing.) 

In  this  paper  we  seek  to  demonstrate  how  so- 
called  line-edges  may  be  detected  by  a  step-edge 
detector.  This  is  achieved  by  reconstructing  the 
underlying  image-intensity  surface.  Line-edges  need 
to  be  discovered  nevertheless,  not  because  it  is  not 
possible  to  detect  them  as  a  pair  of  step-edges,  but 
because  we  want  to  accurately  recover  the  parameters 
of  the  underlying  steps.  As  is  evident  from  Fig.  1,  the 
interaction  between  the  images  of  the  component 
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Fig.  1.  Non-Interacting  and  Interacting  Step-Edges 


1  There  arc  two  fundamental  sources  for  the  1  blur  associated 
with  :i n v  imaging  system  One  is  the  diflruction  limit  (see  ((*>]) 
and  the  other  is  the  finite  sensor  aperture.  Optical  aberrations 
and  defocus  mav  also  contribute  (see  l(il) 
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Fig.  2.  Ambiguity  in  profile,  given  3  sym¬ 
metric  samples  of  a  step-edge  cross-section. 


step-edges  will  result  in  systematic  errors  in  their  posi- 
tion  and  intensity  estimates  —  the  discovery  of  line- 
edges  is  needed  to  remove  these  biases.  (In  general, 
non-zero  slopes  on  the  two  sides  of  step-edges  will  also 
bias  the  parameter  estimates.)  We  concern  ourselves 
here  with  the  detection  aspect  and  do  not  address  in 
any  detail  the  issues  pertaining  to  the  systematic 


As  an  aside,  we  mention  that  it  has  been  specu¬ 
lated  in  the  psychophysical  literature  that  explicit 
image  interpolation  is  performed  by  the  human  visual 
system.  For  instance,  Barlow  [3j  has  suggested  that 
discrete  spatial  interpolation  between  retinal  samples 
may  be  performed  at  the  terminations  of  the  optic 
radiation  fibers  in  the  cortex. 


In  Section  II  the  underlying  procedure  is  outlined 
and  in  Section  Ill  the  design  of  the  interpolation  filter 
is  discussed.  Section  IV  presents  some  examples  with 
which  we  hope  to  highlight  the  methodology  and 
demonstrate  its  performance  on  ‘'real”  images.  We 
conclude  in  Section  V  with  a  discussion. 


II.  Tht  Procedure 


In  [9]  it  was  illustrated  that  3  symmetric  samples 
were  insnlficient  to  detect  a  1-D  step-edge  owing  to 
inherent  ambiguities.  This  is  depicted  in  Fig.  2.  It  is 
clear,  however,  that  if  we  had  available  the  continu¬ 
ous  signal  itself  then  on r  window  size  would  not  be 
thus  restricted,  i.e.  a  3  pixel  window  on  the  continu¬ 
ous  signal  has  no  such  ambiguity  But,  if  our  signal  is 
by  and  large  bandlimited,  then  we  can  use  an  interpo¬ 
lation  filter  to  reconstruct  the  underlying  continuous 
signal.  This  is  a  reasonable  assumption  if  ab|ur,  for 
the  effective  Gaussian  blurring  function  associated 
with  the  imaging  system,  is  no  less  than  0.5  pixel. 
Hence,  although  we  do  require  more  than  3  samples  to 
detect  a  step-edge,  it  is  not  necessary  that  we  be  able 
to  isolate  the  step-edge  within  such  a  window.  We 
can  instead  use  the  samples  to  reconstruct  the  con¬ 
tinuous  signal  and  then  detect  step-edges  using 
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Fig.  3.  Procedure  for  detecting  step-edges  us¬ 
ing  interpolation. 


smaller  windows.  This  procedure  is  illustrated  in  Fig. 
3  for  the  samples  of  a  line-edge.  All  the  foregoing 
arguments  carry  over  to  2-D.  In  practice,  we  need  not 
reconstruct  the  continuous  signal.  Interpolation  onto 
a  finer  grid  often  suffices.  For  purposes  of  demonstra¬ 
tion,  we  chose  our  new  grid  to  have  the  half  the  origi¬ 
nal  inter-pixel  spacing. 


III.  Design  of  Interpolation  Filte 

The  choice  for  an  interpolation  filter  which 
immediately  comes  to  mind  for  a  square  sampling  grid 
is  sinc(x)  siuc(y)  where  x  and  y  are  the  row  and 


column  axes  and  sinc(x)  =  — '——L  (sce  [2]).  The 
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sine  function,  however,  is  of  infinite  extent  and  there¬ 
fore  practically  unfeasible.  We  could  window  the 
filter.  But  then  we  would  be  confronted  with  the 
choice  of  the  windowing  function  with  its  accompany¬ 
ing  trade-offs  (see  [ I Oj ).  An  alternative  procedure  is  to 
design  a  filter  which  has  certain  desirable  characteris¬ 
tics. 


Taking  the  cue  from  the  sine  filter,  we  can  make 
two  immediate  observations.  First.,  the  2-D  filter  can 
be  conceived  of  as  the  separable  product  of  two  ident¬ 
ical  1-1)  filters.  Hence,  we  need  only  design  a  1-D 
filter.  Second,  in  order  to  reconstruct  the  signal  while 
preserving  the  given  samples  we  must  have  unit  mag¬ 
nitude  at  the  origin  of  the  filter  and  zeros  at  integer- 
pixel  distances  from  the  origin.  As  mentioned  previ¬ 
ously.  for  our  purposes  it  suffices  to  interpolate  the 
intensities  onto  a  grid  with  half  the  original  inter-pixel 
spacing.  Hence,  we  need  not  design  a  continuous 
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Fig.  4.  Interpolation  filter  designed  to 
preserve  functions  belonging  to  the  space 
spanned  by  {1  x  x2  x3}  ®  {1  y  y2  y3}-  The 
sampling  grid  for  this  filter  has  a  half-pixel 
spacing. 


filter.  It  is  enough  to  have  its  samples  at  half-pixel 
spaeings.  Thus,  if  we  deeide  on  a  1-D  filter  with  a  4 
pixel  support,  its  coefficients  will  be{0a0blc0d 
0},  where  the  coefficients  are  listed  at  half-pixel  spac- 
ings  about  the  origin.  The  unspecified  coefficients  ean 
be  systematically  chosen  by  requiring  that  functions 
spanned  by  a  given  basis  be  reconstructed  without 
distortion.  We  ehose  {1,  x,  x2,  x3}  to  be  that  basis. 
This  is  the  lowest  order  polynomial  basis  that  can 
represent  inflection  points  which  are  exhibited  by 
every  step-edge.  It  is  clear  that  if  we  choose  the 
coefficients  to  be  symmetric  about  the  center,  all  odd 
powers  of  x  would  be  undistorted  at  tie  origin.  If  we 

further  require  2(a  +  b)  =  1  and  2(— a  +  — bj  =  0 
then  we  will  meet  our  specified  criteria.  Solving  these 
equations,  we  get  -~{0  -1  0  9  16  9  0  -1  0}  to  be  the 

filter  which  will  produce  distortionless  reconstruction 
for  the  space  spanned  by  jl  x  x‘  x3}.  It  is  of  interest 
to  compare  this  filter  with  the  samples  of  the  trun¬ 
cated  sine  function  at  half-pixel  spaeings  :  — {0  -3.4 

16 

0  10.2  16  10.2  0  -3.4  0}.  The  2-D  filter  corresponding 
to  the  separable  product  of  our  1-D  interpolation  filter 
is  shown  in  Fig.  4. 

As  with  any  image-operator,  we  are  interested  in 
the  filter's  noise  characteristics.  Let  us  assume,  as  is 
generally  done  to  keep  the  analysis  simple,  that  the 
noise  is  independently,  identically  distributed  (i.i.d.) 
zero-mean  Gaussian  with  variance  a2pise.  Then  the 
variance  of  the  noise  in  the  interpolated  intensities 
will  be  0  41<72oise  when  the  interpolated  pixel  has  4 
nearest  neighbors  on  the  original  grid  and  0.64<r“oise 
when  it  has  2  nearest  neighbors  on  the  original  grid. 
The  noise  in  the  interpolated  image,  of  course,  is  nei¬ 
ther  identically  nor  independently  distributed  any 
more.  Further  we  should  keep  in  mind  that  sys¬ 


tematic  errors  in  the  reconstruction  are  inevitable 
when  the  sampled  surface  within  the  interpolation 
window  does  riot  belong  to  the  space  spanned  by  { 1  x 
x2  x3}  ®  { 1  v  y2  y3)  (see  Appendix).  In  contrast  with 
our  finite-extent  interpolation  filter  the  infinite-extent 
sine  filter  lias  an  associated  noise  variance  of  <7"0;se 
(see  [2]).  However,  it  reconstructs  all  adequately 
bandlimited  signals  without  systematic  errors. 

Higher  order  filters  can  be  similarly  designed.  It 
must,  however,  be  borne  in  mind  that  as  the  size  of 
the  filter  increases,  so  does  the  basis  required  to 
closely  approximate  the  surface  within  the  window 

Before  we  proceed  to  the  next  section,  we  men¬ 
tion  that  there  is  a  large  body  of  literature  on  func¬ 
tion  interpolation  and  approximation  (see  [1]  and  the 
references  within).  Various  competing  sell  ernes 
include  spline-fitting  and  surface  modeling  by  least- 
sqnares-fit.  Least-squares  surface-fitting  has  previ¬ 
ously  been  used  for  edge-detection  (e.g.  [7] )  However, 
this  implicitly  smooths  the  image  data  and  conse¬ 
quently,  as  will  be  discussed  at  length  in  Section  V,  is 
inappropriate  for  the  detection  of  line-edges.  We  have 
not  investigated  the  trade-oils  accompanying  the  vari¬ 
ous  possible  interpolation  strategies.  Our  primary 
purpose  here  is  to  elucidate  the  usefulness  of  image 
interpolation,  in  general,  as  a  method  for  resolution 
improvement  of  edge-detectors. 

IV.  Examples 

We  first  demonstrate  the  proposed  algorithm  on 
1-D  line-edges  with  varying  widths.  Figs.  5-a,  -1)  and 
-c  exhibit  the  unbluired  profile  (thin  line),  the  blurred 
profile  (think  line),  the  original  samples  (circled  dots) 
which  are  available  for  processing,  and  the  interpo¬ 
lated  values  (ltncireled  dots)  at  half-pixel  spaeings,  for 
step-edges  spaced  3.  2  and  I  pixels  apart,  respectively. 
In  all  three  ases,  the  step  on  the  left  has  a  high  of 
102  and  a  low  o'  12?  while  the  step  on  the  right  lias  a 
high  of  102  and  a  low  of  6).  The  positions  of  the 
steps  are  indicated  directly  below  them  in  the  figures. 
<71,1, ,r  for  the  blurring  Gaussian  used  in  all  three  eases 
is  0.6  pixel.  The  estimated  step-edge  parameters  are 
shown  alongside  the  nil  blurred  steps.  The  step-edge 
detector  outlined  in  [0]  has  been  used  here.  As  is  evi¬ 
dent.  from  the  figures,  the  biases  m  the  position  and 
intensity  estimates  increase  as  the  spacing  between 
the  two  step-edges  decreases  for  a  given  <r p|ur.  It  is 
apparent  from  the  blurred  profiles  that  this  trend  m 
the  biases  is  not  particular  to  the  chosen  edge- 
detector. 

We  now  illustrate  the  improvement  in  perfor¬ 
mance  accompanying  the  application  of  the  proposed 
technique  to  “real”  images.  Fig.  6- a  is  the  original 
(128  x  128)  image  of  a  bin  of  parts.  Fig.  6-b  is  the 
corresponding  edge-detector  output  adapted  from  [9). 
Fig.  6-e  is  the  result  of  applying  the  same  edge- 
detector  with  identical  parameters  to  the  interpolated 
image.  It  is  clear  that  interpolation  onto  a  finer  grid 
results  in  a  marked  improvement  in  the  resolution 
Many  of  the  detected  edges,  e  g  those  correspondim 
to  the  pins  in  the  top-right  of  the  image,  are  definitely 
less  than  5<7,|„r  apart  (<7,,hlr  was  estimated  to  he  0.6 
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Fig.  5-a.  Detection  .and  estimation  of  step- 
edges  spaced  3  pixels  apart  (crt))ur  =  0.6). 


Fig.  5-b.  Detection  and  estimation  of  step- 
edges  spaced  2  pixels  apart  (<7bi,jr  =  0.6). 


Fig.  6-a.  Din  of  Parts  :  Original  linage  ( P28  x  128) 


Fig.  5-c.  Detection  and  estim.it ion  of  step- 
edges  spaced  1  pixel  apart  (<rblur  =  0.6). 


Fig.  6-c.  Pin  of  Paris  :  I  dgc  Image  with  In 
I  erpolal  ion 
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Fig.  7-a.  Indoor  Scone  :  Original  Image  (256  x  2.r>0) 


lid  nit  iu:r 


1 

it 


LL-I]  JIU  1 


nnr  d  >  i 

\t  \JjU 

swIW  ^pCI 

]IN 

T--!^  i  . .  —  si 


Fig.  7-b.  Indoor  Scene  :  Edge  Image  without 
Interpolation  (adapted  from  [9] ) 


pixel), 


Fig.  7-a  is  the  original  (256  x  256)  image  of  an 
indoor  scene  comprising  of  a  cup  with  a  pencil  inside 
it,  a  telephone,  and  a  hook,  all  placed  on  a  desk.  Fig. 
7-b  is  the  corresponding  edge-detector  output  adapted 
from  [0]  Fig.  7-c  is  the  result  of  applying  the  same 
edge-detector  with  identical  parameters  to  the  inter¬ 
polated  image.  We  would  like  to  bring  to  the  reader’s 
attention  the  improved  resolution  in  the  central  por¬ 
tion  of  the  flower  on  the  cn p  and  in  the  fringes  of  the 
telephone  dial.  Notice  that  the  push  buttons  on  the 
telephone  are  less  rounded  in  Fig.  7-c.  Also  notice  the 
newly  detected  edge  along  the  length  of  the  pencil. 
Lastly,  we  point  out  that  Fig.  7-c  seems  to  have  more 
false  positives  than  Fig.  7-b.  <rb|ur  for  this  image  was 
estimated  to  vary  between  0.5  pixel  and  1.5  pixel. 
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Fig.  7-e.  Indoor  Scene  :  Edge  Image  with  In 
terpolation 


We  conclude  this  section  with  an  illustration  of 
the  algorithm's  performance  on  an  image  of  printed 
text.  Fig.  8- a  is  the  original  (102  x  256)  image,  Fig. 
8-b  is  the  corresponding  edge  image  without  prior 
interpolation  and  Fig,  8-c  is  the  edge  image  with 
interpolation.  The  edge-detector  outlined  in  (fl]  was 
employed  in  both  eases.  <rb]ur  for  this  image  was 
est imatod  to  he  0.8  pixel. 


V.  Discussion 

We  have  sought  to  demonstrate  a  technique  to 
improve  the  resolution  capability  of  any  edge- 
detector.  It  involved  reconstruction  of  .he  underlying 
intensity  surface  prior  to  step-edge  detection. 
Although  we  carried  out  explicit  interpolation  in  the 
examples  presented,  the  interpolation  step  can  often 
be  incorporated  into  subsequent  processing  This  is 
particularly  simple  if  the  first  step  of  the  edee- 
deteetor  involves  the  application  of  a  linear  space- 
invariant  operator  (such  an  operator  can  always  be 
represented  as  a  convolution  mask).  Of  course,  if  (In 
edge  operator  is  already  based  on  implicit  interpola¬ 
tion,  e.g.  the  derivative  of  an  interpolation  function, 
then  ihe  preprocessing  may  be  redundant. 

Historically,  edges  in  images  have  been  classified 
as  step-edges,  roof-edges  and  lino-edges  (see  [l|)  and  it 
lias  been  implicit  in  every  discourse  on  the  subject,  to 
t he  best  of  our  knowledge,  that  each  of  these 
categories  requires  a  special  purpose  detector,  \\  c 
have  demonstrated  that  a  line-edge  is  simply  a  pair  of 
interacting  step-edges  which  can  be  in <1  is  Finally 
detected.  However,  the  interaction  between  step- 
edges  causes  their  parameter  estimates  to  be  biased 
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Fig.  8-b.  Text  :  Edge  Imago  without  Interpolation 


Fig.  8-c.  Text  Edge  Image  with  Interpolation 

tlie  more  the  interaction,  the  larger  are  the  biases, 
hirst  order  corrections  for  these  biases  can  be  subse¬ 
quently  obtained  from  knowledge  of  the  effective  blur¬ 
ring  function  associated  with  the  imaging  system, 

Ihe  discrimination  of  n  step-edge  from  noise  m 
an  image  depends  on  the  magnitude  of  the  blurred 


stop.  While  tins  magnitude  is  (lie  same  as  that  of  the 
corresponding  nnblurrcd  step  when  the  edge  is  iso¬ 
lated,  it  may  b-  substantially  lower  when  the  step- 
edge  is  interacting,  as  is  evident  from  Fig.  5.  The 
contribution  of  the  liue-couiponviil 

{f(M=  0,  h.  0  x<  w/2.  w/2<x<w/2,  w/2<x} 
'I"'  lieigld  of  the  blurred  step  is 

i  11  <,xI>(t-t~)  dx,  assuming  a  normalized 

w/2  V-^^bftir  “^blur 

(■niiKsiin  blurring  function. 

I' or  a  largely  bandlimited  image,  resolution  is 
determined  by  the  degree  of  bin r.  There  exists  a  large 
body  of  work  on  edge-detection  which  red  amends 
implicit  or  explicit  smoothing  of  the  image  samples  as 
the  first  step.  The  most  commonly  used  smoothing 
function  is  the  2-1)  (iniissiaii  (see  [II]).  It  can  easily 
he  shown  that  smoothing  with  this  function  would 
n'M|l|  Ihc  smoothed  image  having  an  elfeetive 

(■‘missian  blurring  function  with  a  variame  equal  to 
the  sum  of  the  variance  of  the  original  (lanssian  him  - 
ring  function  and  that  of  the  (iniissiaii  smoothing 
function.  Hence,  resolution  between  interacting  step- 
edges,  and  t Imir  detection  will  both  suffer.  Also,  the 
biases  in  their  position  and  intensity  estimates  will 
increase.  Tim  extent  of  this  deterioration  will  of 
course  depend  on  the  magnitude  of  rr  ,  In 
tspiealh  has  a  suggested  lower  bound  of  1.0  (see  [5])). 

\lt hough  the  proposed  approach  to  detect  line- 
edges  is  more  general  Ilian  any  special  purpose  line- 
detector.  we  should  also  expect  it  to  he  more  sensitive 
to  noise  \x  it  1 1  respect  to  falsi'  positives,  particularly  at 
high-gi ad len t  smoothly-shaded  regions,  false  nega¬ 
tives,  and  the  parameters  of  the  true  positives.  As"  is 
cMdent  Iroin  Fig.  .'5.  improvement  in  resolution  is 
necessarily  accompanied  by  a  shrinking  of  the  support 
used  oil  the  interpolated  prolile  for  detection,  Ibis 
results  in  reduced  robustness  to  local  noise-induced 
fluctuations  in  the  reconstructed  intensity  prolile 
I  bus.  we  have  a  trade-oil  between  robustness  and 
generality  This  should  come  as  no  surprise  consider¬ 
ing  that  mutchcd-lillcriiig,  wherein  noisy  patterns  are 
categorized  based  on  their  closest  "match"  to  noiseless 
representatives  of  the  different  classes,  is  well  known 
to  he  optimal  (see  [(>]), 

We  com  hide  by  noting  tli  t  if  the  suggested 
interpolation  cannot,  lie  conveniently  incorporated  into 
subsequent  processing,  then  it  is  computationally 
desirable  to  exploit  the  separability  of  the  inteipola 
lion  filter,  i.e.  a  2-1)  separable  filler  can  be  imple¬ 
mented  as  two  Mieeess.ue  |-|>  filters  in  (lie  x  and  y 
direct  ions.  It  is  also  advisable  to  avoid  redundant 
computations  like  multiplication  by  a  I  or  a  0,  or  the 
addition  of  a  0.  lo  get  an  idea  of  the  resulting  sav 
ings,  consider  the  lilter  shown  in  Fig,  I,  A  naive 
application  of  this  liltei  would  require  approximately 
100  operations  per  interpolate  I  value,  while  a  more 
sophisticated  implementation  would  require  only  5 
Ibis  is  easily  verified  by  noting  that  every  interpo¬ 
lated  value  can  he  obtained  by  the  application  of  the 

1  !)  Hit.  r  ^  (0  I  0  !)  ||i  9  0-1  ()}  (f)  ||l(,  p;iri  ially 
Interpolated  image. 
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Appendix  :  Interpolation  using  2-D  Separable  Filler 

We  show  here  that  for  any  sampled  surface  of  the  form 

i(x,  y)  =  E  E  °iix'yJ  EE  n)%  m) 

u  0  j  0  n  m 

(1  if  k  =  0 

where  £  (k)  =  (o  jf  0 

we  will  get  perfect  interpolation  using  the  separable 
filter  r(x)  r(v)  where  r(x)  is  designed  to  reconstruct 
sampled  1-D  signals  in  the  space  spanned  by  { 1  x  x" 
x3}.  The  reconstructed  signal  can  be  expressed  as 

R(x,  y)  =  //  1(0,  /*)  r(x  a)  r(y  ft)  do  dft 

=  //!  E  E  cijnV  EE*("  »)«(/!  m)l 

'  i  0  j  0  n  m  ' 

r(x  o)  r(y  ft)  do  dft 

=  E  E  cij  [/ Q> r<x  E  ") drt] 

i  =  0  j  0  n 

[//jM y  p)  E  <V ,n> 

m 

=  E  E  °ij  [E ,,!  r(x  ")]  [e  mJ  r<y  mt] 

l — 0  j-0  n  m 

3  3..  .  . 

=  E  E  cij x'  y1  as  1 1  =  x‘>  yJ  b>'  dPsisn 

i=0j-0 
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Abstract 

We  present  a  method  to  detect,  locate  and  estimate  edges 
in  a  one  dimensional  signal.  It  is  inherently  more  accurate 
than  all  previous  schemes  as  it  explicitly  models  and  cor¬ 
rects  interaction  between  nearby  edges.  The  method  is  it¬ 
erative  with  initial  estimation  of  edges  provided  by  the  zero 
crossings  of  the  signal  convolved  with  a  LoG  (Laplacian  of 
Gaussian)  filter.  The  necessary  computations  necessitate 
knowledge  of  this  convolved  output  only  in  a  neighborhood 
around  each  zero  crossing  and  in  most  cases,  could  be  per¬ 
formed  locally  by  independent  parallel  processors.  Even 
though  the  model  used  for  edges  is  very  crude,  the  results 
are  very  impressive  and  allow  us  to  reconstruct  the  signal 
extremely  well.  We  show  results  on  1-dimensional  slices  ex¬ 
tracted  from  real  images,  and  on  images  which  have  t  een 
processed  independently  in  the  row  and  column  directions. 
We  provide  an  analysis  of  tftc  method  including  issues  of 
complexity  and  convergence,  and  outline  directions  of  fu¬ 
ture  research. 


1  in)  production 

In  order  to  achieve  image  understanding,  biological  or 
computer  system  must  relate  the  raw  input  data  (viewer- 
centered)  to  the  physical  events  that  cause  it,  in  particular 
the  objects  being  observed  (object-centered)  The  first  step 
in  this  complex  sequence  of  operations  is  to  obtain  a  com¬ 
pact  description  of  the  input  image.  At  this  early  stage  of 
processing,  it  is  essential  for  the  resulting  representation 
to  be.  complete,  that  is  to  capture  all  of  the  information 
contained  in  the  original  image.  It  should  be  therefore 
possible  and  easy  to  reconstruct  the  original  signal  from 
the  representation,  as  suggested  b-  [Marr79,Marr80],  The 
other  necessary  characteristic  of  the  representation  is  that 
it  should  be  meaningful,  that  is  to  make  explicit  the  im¬ 
portant  properties  of  the  imaged  scene.  As  noted  by  many 
authors  |Binford81,Iirady82,Marr80],  physical  edges  of  the 
objects  arc  fundamental  descriptions  of  these  objects  as 
they  relate  to  transitions  in  surface  orientation  or  texture. 

‘Tins  research  was  supported  by  the  Defense  Advanced  Research 
Projects  Agency  under  contract  number  F33615-84-K- 1401,  mon¬ 
itored  by  the  Air  Force  Wright  Aeronautical  Laboratories,  Darpa 
Order  No.  3119. 


these  edges  are  very  likely  to  be  projected  onto  edges  in 
the  intensity  data  received  by  the  sensor.  From  the  short 
analysis  above,  it  therefore  appears  that  the  initial  task  of 
a  vision  system  is  the  detection,  localization  and  charac- 
terization  of  the  local  2-dimensional  edges  in  intensity. 

We  begin  by  reviewing  the  major  approaches  taken  by 
*'  CtV'0US  rfearchers  to  accomplish  edge  detection,  local- 
■zation  and  estimation.  We  then  point  out  that,  in  spite 
of  the  claims  of  optimality,  the  resulting  edges  are  disap¬ 
pointing  because  the  model  used  is  unrealistic,  namely  that 
of  a  smgle  isolated  edge.  We  then  proceed  to  introduce  a 
model  formulation  which  explicitly  takes  into  acount  the 
interaction  between  edges,  and  develop  an  iterative  scheme 
to  correct  this  interaction.  After  that,  we  provide  an  anal¬ 
ysis  of  the  implementation,  addressing  issues  of  complex¬ 
ity,  stability,  and  convergence.  The  next  section  illustrates 
ur  method  on  a  few  examples  both  in  1-D  and  2-D  For 
each  image,  we  also  provide  a  reconstructed  picture  from 
our  edge  description.  Finally,  we  provide  some  conclusions 
and  outline  further  research  directions. 


2  Previous  Work 


From  the  very  early  days  of  computer  vision,  edge  de¬ 
tection  was  recognized  as  necessary,  with  a  simple  imple¬ 
mentation  of  a  gradient  function  [Roberts65].  Noise  sensi¬ 
tivity  forced  the  inclusion  of  a  smoothing  step  before  differ- 
cn  ia  ion  (Rosenfcld7l).  A  more  rigorous  approach  based 
on  the  ideal  model  of  an  edge  led  to  the  Hueckel  operator 
with  the  first  claim  of  optimality.  More  claims  of  opti¬ 
mal,  y  have  been  made  by  Marr  and  Hildreth  [MarrSOl 
extending  the  initial  work  of  Marr  and  Poggio  [Marr 79] 
and  the  edges  from  this  detection  scheme  have  become  a 
standard  gauge  against  which  all  other  methods  arc  com- 
pared.  The  basic  approach  is  to  convolve  the  signal  with  a 
rotation  ally  symmetric  Laplacian  of  Gaussian  mask  (some- 
imes  approximated  by  a  Difference  of  Gaussians),  and  to 
ocatc  zero-crossings  of  the  convolution.  A  recent  paper 
y  orre  and  Poggio  [Torre86]  judiciously  points  out  that 
better  results  may  be  obtained  by  using  2  directional  filters 
with  directional  derivatives,  especially  in  the  neighborhood 
of  '•orners. 


Other  different  approaches  have  made  claim  of  opti¬ 
mality  or  shown  results  subjectively  comparable  or  supe¬ 
rior  to  the  Marr-Hildreth  zero-crossing  detector.  Among 
them  : 

1.  Dickey  and  Shuningham  [Dickey77]  define  an  edge 
as  a  step  discontinuity  between  regions  of  uniform 
intensity  and  show  that  the  ideal  filter  is  given  by 
a  prolate  spheroidal  wave  function.  Lunscher  and 
Beddoes  [Lunscher86,  show  that  the  Marr-Hildreth 
filter  is  nearly  identical,  but  simpler  to  study  and 
implement. 

2.  Ifaralick  [Haralick80,Haralick81,IIaralick82j  locates 
edges  at  zero  crossings  of  the  second  directional  deriva¬ 
tive  in  the  direction  of  the  gradient.  Derivatives  are 
computed  by  interpolation  of  the  sampled  intensity 
values.  On  some  images,  the  resulting  edges  are  vi¬ 
sually  better  than  the  ones  from  the  Marr-Hildreth 
detector.  Torre  and  Poggio  |Torre86’  give  an  excel¬ 
lent  analysis  of  rhe  difference  between  the  Laplacian 
and  the  second  derivative  in  the  direction  of  the  gra¬ 
dient. 

3.  Ganny  [Canny83]  shows  that,  in  1-D,  the  optimal 
filter,  according  to  his  criterion,  is  a  linear  combi¬ 
nation  of  four  exponentials,  well  approximated  by  a 
first  derivative  of  a  Gaussian.  In  2-D  images,  he  pro¬ 
poses  to  use  a  combination  of  such  filters  with  vary¬ 
ing  length,  width  and  orientation.  Since  it  is  a  first 
derivative  operator,  it  requires  further  thinning  and 
thresholding.  (Our  implementation  of  it  uses  mod¬ 
ules  from  the  “Linear”  feature  extraction  program 
[Nevatia80].)  'lv'p  res  1  Its  on  real  images  are  quite 
good.  This  can  -e  attributed,  in  our  view,  to  the 
fact  that  the  thinnest  mask  possible  is  used,  there¬ 
fore  minimizing  edge  interaction  effects. 

4.  Shen  and  Castan  [Shen86j  recently  proposed  an  “op¬ 
timal”  linear  filter,  in  which  images  are  convolved 
with  the  smoothing  function  f(x)  =  —  ~ln(b)b^  prior 
to  differentiation.  They  claim  better  localization  than 
Marr-Hildreth  zero-crossing  detector.  On  real  im¬ 
ages,  good  edges  are  obtained  after  a  few  extra  fil¬ 
tering  steps  tuned  by  the  user. 

It  is  quite  important  to  note  that,  in  spite  of  these 
claims  of  optimality,  edges  are  quite  disappointing.  Also, 
precisely  because  these  edges  are  poor,  very  few  authors 
attempt  to  reconstruct  the  original  signal. 

It  is  our  belief  that  edge  detection  should  not  crucially 
depend  on  small  differences  in  the  smoothing  function,  and 
also  that  trying  to  design  a  filter  that  will  always  respond 
with  a  zero-crossing  at  the  correct  location  is  as  unreal¬ 
istic  as  trying  to  accomplish  image  understanding  in  one 
step.  The  main  problem  with  all  previous  approaches  is 
that  they  assume  an  unreasonable  model,  namely  an  iso¬ 
lated  edge,  when  we  all  observe  that  edges  often  occur 
close  together. 


The  following  sections  explain  and  illustrate  how  to 
obtain  good  edges  from  an  initial  estimate  by  explicitly 
modelling  edge  interaction. 


3  Description  of  the  Method 

3.1  Informal  Description 

Our  purpose  is  to  accurately  estimate  both  the  location 
and  magnitude  of  edges,  initially  in  a  one  dimensional  sig¬ 
nal.  The  two  ,ources  of  error  in  accurately  locating  edges 
is  interaction  between  them,  and  the  lack  of  symmetry  of 
the  edge  profile,  and  it  is  our  observation  that  edge  in¬ 
teraction  is  the  larger  of  the  two.  Effects  of  edge  profiles 
on  localization  are  itudied  in  another  paper  [Medioni86j. 
To  correct  this  interaction,  we  therefore  use  a  very  simple 
mode!  in  which  edges  are  perfect  steps.  Each  step  is  com¬ 
pletely  specified  by  its  location  and  signed  magnitude.  As 
a  result,  the  convolution  of  the  signal  with  a  LoG  filter 
can  be  expressed  at  any  point  by  a  weighted  sum  of  the 
responses  from  each  discontinuity. 

During  the  initialization  phase,  the  number  of  discon¬ 
tinuities  is  given  by  the  number  of  zero  crossings,  the  lo¬ 
cation  by  the  (interpolated)  position  of  the  zero  crossings, 
and  the  magnitude  by  an  estimation  involving  convolution 
of  the  signal  with  the  first  derivative  of  a  Gaussian,  as  ex¬ 
plained  in  detail  in  the  next  subsection. 

The  iteration  proceeds  by  hypothesize  and  verify  :  Sup¬ 
posing  that  the  signal  is  well  approximated  by  the  initial 
train  of  discontinuities,  we  can  synthesize  the  correspond¬ 
ing  convolution  with  a  LoG  mask.  Due  to  the  interaction 
between  nearby  edges,  the  correct  location  of  a  discontinu¬ 
ity  is  no  longer  at  the  zero  crossing  position  but  at  some 
nearby  loca^’on  corresponding  to  a  nonzero  level  crossing. 
Once  the  new  locations  are  computed,  we  estimate  the 
corresponding  magnitude  of  the  step.  This  iterative  im¬ 
provement  continues  until  all  values  have  converged  to  ■■ 
stable  position,  or  until  the  improvement  become  neglip 
ble. 


It  is  important  to  notice  that  we  only  use  the  values  of 
the  signal  convolved  with  the  LoG  filter  in  a  small  neigh¬ 
borhood  around  each  zero  crossing  to  perform  our  compu¬ 
tation.  It  is  also  interesting  to  note  that,  even  though  our 
model  is  very  crude,  it  estimates  the  edges  so  nicely  that 
the  reconstructed  signal  is  a  very  acceptable  approxima¬ 
tion  of  the  original,  as  shown  in  the  results. 


3.2  Mathematical  Description 

We  use  a  simple  model  for  edges,  namely  a  step  edge.  Let 
the  j,h  step  edge  at  location  z}  with  step  size  Sj  is  denoted 

by  h  ■ 


f  Cj  x  <  z, 

1  C;  +  Sj  z 


with  the  additional  constraint  that  cJ+ 1  =  c3  +  Sj. 

And  we  assume  that  the  signal  can  be  well  approxi¬ 
mated  by  the  function  I{x)  which  is  the  sum  of  all  edges 

J(*)  =  E /y(*)  (2) 

;= l 

The  second  derivative  of  a  Gaussian  is  : 


Therefore  the  convolution  of  the  approximating  signal 
and  of  a  LoG  filter  is  : 


F(x)  —  I{x)  *  L(x )  -  —  s,  (x  -  zj)e  ^  '  (4) 

3= 1 

E.;rh  term  in  the  sum  above  represents  the  convolution 
of  a  single  isolated  step  edge  with  a  LoG  filter.  It  is  ex¬ 
actly  the  first  derivative  of  a  Gaussian  function,  in  which 
the  zero  crossing  is  located  at  gjt  the  peak  and  valley  are 
at  a  distance  of  a  on  either  side  of  zh  and  the  amplitude 
is  proportional  to  sj,  the  size  of  the  step.  If  adjacent  edges 
are  far  apart,  then  the  contribution  at  any  point  is  due  to 
a  single  edge,  since  the  exponential  terms  corresponding 
to  the  other  edges  are  extremely  small. 


In  particular,  F  (2*.)  —  0,  and  the  position  of  each  zero 
crossing  accurately  reflects  the  location  of  the  edge.  Most 
of  the  time,  however,  edges  will  interact,  and  the  value  at 
true  edge  location  zk  is  no  longer  0,  since 


rir  \  1 

1  \Z* )  ”  S3\Zk  ~  2j)e 

3  =  1 


(5) 


The  above  equations  naturally  suggest  an  iterative  scheme 
to  obtain  the  true  location  of  edges  if  we  have  a  good  ini¬ 
tial  estimate  of  them  : 


By  evaluating  this  expression  at  n  points,  such  as  the 
detected  edge  points,  we  obtain  a  linear  system  of  equa¬ 
tions  : 


Il(zk)  =  jrSj.e  k=l,2,...,n  (8) 

3  =  1 

In  matrix  notation,  we  have  : 

H  =  MxS  (9) 

where, 

H  is  a  column  vector  where  Hk  =  H(zk ), 

S  is  a  column  vector  where  Sj  =  sj,  and 

■»  .  .  (*.—*,  ) 2 

M  is  a  n  x  n  matrix  with  M,y  =  e  ~  iJ 

Note  that  M  is  a  extremely  well  behaved  matrix,  sym¬ 
metric,  positive  definite,  with  l’s  on  the  diagonal.  For  all 
pratical  purposes,  it  can  also  be  considered  as  a  band  ma¬ 
trix.  The  inversion  of  this  matrix  is  quite  straightforward, 
leading  to  a  set  of  values  for  the  step  sizes. 

We  can  now  give  the  iteration  scheme  in  detail  : 

1.  Initial  estimation 

At  iteration  0,  the  locations  of  the  edges  are  given  by 
the  zero  crossings  of  the  input  signal  convolved  with 
a  LoG  filter. 

2.  I  (.('ration  formula. 

At  any  iteration  t,  S  is  obtained  by  computing  M-1  x 
H.  This  provides  an  estimate  for  the  step  sizes.  Then 
zk  +  's  point  closest  to  z[^  such  that 


n  ,,<<>  (i),2 

3=1 


(10) 


Given  an  estimate  of  our  edges  at  iteration  t,  then 
we  can  find  the  new  and  more  accurate  location  zk+I^  of 
the  k  h  edge  as  the  point  whose  value  is  F(z ^). 

In  order  to  compute  equation  (5)  above,  we  also  need 
an  estimate  of  step  size  Sj.  It  is  tempting  to  use  equation 
(4)  again  to  perform  this  estimation.  Our  experiments 
with  such  an  approach  gave  rise  to  unstable  results  due  to 
the  nature  of  the  equations.  Instead,  this  is  accomplished 
using  a  convolution  with  the  first  derivative  of  a  Gaussian. 

The  first  derivative  of  a  Gaussian  is  : 

D(x)  =  ,j2 e  (6) 

The  output  of  the  convolution  of  our  train  of  edges 
with  this  filter  is  : 

II {x)  =  l(x)  *  D(x)  (7) 

3  1 


3.  Stopping  criterion 

Since  the  behavior  of  the  iteration  scheme  is  quite 
stable  and  most  of  the  interaction  of  edges  can  be 
corrected  in  the  first  few  steps,  the  iteration  can  be 
stopped  either  simply  after  a  fixed  number  of  itera¬ 
tion,  or  with  some  simple  error  criterion  such  as  com¬ 
paring  the  difference  between  the  actual  convolution 
output  with  the  modelled  result  p.t  a  few  points  such 
as  those  level  crossing  points. 

4  Detailed  Analysis 

4.1  Complexity  of  the  Algorithm 

The  algorithm  consists  of  two  parts.  The  first  part  is  the 
initial  detection  of  the  zero  crossings  of  the  convolution 
of  the  signal  with  the  LoG  mask.  Many  fast  algorithms 
have  been  proposed  for  the  convolution  with  the  LoG  fil¬ 
ters,  see  [Chen86j.  The  zero-crossing  detection,  usually  in 
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subpixel  precision,  can  be  done  by  various  interpolation 
schemes,  and  there  is  always  a  trade-off  between  accuracy 
and  efficiency.  We  have  tried  several  interpolat  ion  methods 
(cubic,  quadratic,  and  linear),  and  feel  that  t.he  improve¬ 
ments  due  to  higher  order  terms  do  not  warrant  the  extra 
computation  time,  so  we  adopted  a  linear  interpolation. 

The  second  part  is  the  iteration  scheme.  The  compu¬ 
tation  includes  : 

1.  estimation  of  step  sizes  by  solving  matrix  equation 

(9), 

2.  calculation  of  the  new  levels  using  equation  (5), 

3.  finding  the  new  level-crossings  in  the  neighborhood 
of  corresponding  previous  level  crossings. 

Calculation  of  a  new  level  for  a  particular  edge  from 
equation  (5)  requires  the  summation  of  the  effect  from  all 
the  edges,  but  for  practical  consideration,  we  only  have  to 
include  the  nearby  edges  since  Idle  rate  of  exponential  de¬ 
crease  is  very  fast.  Finding  the  new  level  crossing  position 
can  be  done  efficiently  either  by  searching  ulong  the  curve 
in  the  neighborhood  of  a  previous  location,  or  by  extrapo¬ 
lation.  So  the  major  concern  should  be  on  the  estimation 
of  step  sizes. 

Since  the  complexity  of  solving  linear  system  equations 
is  of  the  order  n3  ,  where  n  is  the  number  of  equations,  a 
first  look  of  equation  (9)  seems  to  indicate  that  the  com¬ 
plexity  is  of  the  order  of  n3,  where  n  is  the  number  of 
edges.  But  the  matrix  M  is  a  well  behaved  matrix.  It 
is  symmetric  ,  positive  definite,  and,  for  all  practical  pur¬ 
pose,  since  the  decrease  along  both  sides  of  t  he  diagonal  is 
exponential,  it  can  be  approximated  by  a  band  matrix.  Ex¬ 
perimental  results  shows  that  the  full  matrix  can  be  very 
well  approximated  by  a  band  matrix  with  bandwidth  of  5, 
which  says  that  no  more  than  3  edges  interact  at  any  given 
point.  So  the  complexity  of  solving  equation  (9),  by  using 
LU-decomposition,  is  only  of  the  order  of  rt,  the  number  of 
edges,  instead  of  n3. 

It  is  also  worth  mentioning  that  if  one  of  the  oil-diagonal 
elements  is  very  small,  then  the  M  matrix  can  he  broken  at 
that  point  into  2  subinatric.es  which  can  he  inverted  sep¬ 
arately.  We  are  also  investigating  non-exact  methods  to 
invert  such  a  matrix  that,  would  run  in  O(l),  i.e.  constant 
time,  on  a  parallel  machine 


4.2  Stability  and  Convergence 

Experimentally,  the  algorithm  is  quite  stable,  and  most 
of  the  edge  interaction  effect  can  be  corrected  in  the  first 
few  iterations.  Sometimes,  however,  the  iteration  for  some 
edges,  usually  only  one  or  two,  does  not  converge  and  os¬ 
cillate  around  the  correct  edge  position.  I  he  amplitude  of 
oscillation  is  small  but  not  entirely  negligible.  However, 
this  oscillation  can  be  easily  detected  and  the  correct,  edge 


position,  can  be  obtained  by  averaging  values  once  oscilla¬ 
tion  starts. 

4.3  Limitations  of  the  Method 

The  first  and  basic  limitation  of  our  method  is  the  spatial 
frequency  which  can  be  resolved:  As  the  LoG  is  a  band 
pass  filter,  it  can  only  see  edges  in  its  bandwidth.  This  is 
illustrated  in  the  example  of  a  '‘bump”,  showing  the  width 
estimation  of  a  bump  edge  as  a  increases:  as  long  as  o  is 
small  enough,  the  width  is  correctly  computed,  and  after 
that,  grows  with  a. 

Since  differentiation  is  typically  an  ill-posed  problem 
[Torre86],  regularization  :s  necessary,  in  a  filtering  step. 
Consider  the  example  of  a  bump  of  limited  width,  say  1 
sampling  spacing,  then  for  different  filters,  such  as  different 
o  for  a  LoG  filter,  it  has  different  interpretations.  In  terms 
of  the  limitation  of  our  method,  as  the  size  of  the  LoG  fil¬ 
ter  increases,  i.e.  a  increases,  we  lose  the  high  frequency 
contents  of  the  bump  and  give  a  different  interpretation 
which  is  another  bump  with  larger  width  smaller  height. 

The  other  limitation  also  comes  from  the  issue  of  the 
filter  size,  as  the  size  increase,  the  smoothing  effect  in¬ 
creases,  therefore  some  edges  will  not  be  detected  at  the 
initial  zero-crossing  detection.  Our  method  only  tries  to 
correct  those  initially  detected  edges,  and  we  are  trying  to 
interpret  the  signal  at  a  particular  level  where  the  resolu¬ 
tion  is  decided  by  the  value  of  a. 

Since  we  start  with  a  verv  simple  model  for  an  edge, 
namely  an  ideal  step  edge,  there  are  limitations  when  the 
model  does  not  fit.  For  example,  in  the  case  where  a 
“sloped”  edge  is  involved  such  as  a  ramp,  or  when  there 
is  a  slope  difference  on  the  two  sides  of  a  step,  our  model 
can  no  longer  fit  and  just  try  to  make  a  best  interpretation 
with  the  ideal  step  edge  model.  Our  experimental  results 
shows  that  in  the  case  of  a  symmetric  ramp,  we  will  get  an 
edge  in  the  middle  of  the  ramp,  and  the  step  size  is  under¬ 
estimated  since  the  intensity  change  of  a  ramp  is  averaged 
over  the  interval  of  the  ramp.  We  believe  that  these  other 
types  of  edges  can  be  detected  and  correctly  estimated,  as 
presented  in  [Medioni86], 

5  Results 

In  this  section,  we  show  some  comparative  results  from 
pure  zero-crossing  detection  of  LoG  convolution  with  the 
input  signal,  and  from  our  algorithm.  We  first  show  re¬ 
sults  on  some  ideal  signals,  then  we  show  some  results  on 
some  i-dimensional  signal  slices  extracted  from  a  real  2- 
dinierisonal  image  and  we  also  produce  the  reconstructed 
signals.  Finally,  we  demonstrate  the  behavior  of  the  method 
in  the  presence  of  noise. 
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5.1  Ideal  Signals 

We  first  illustrate  our  method  on  a  ideal  “bump”  which 
consists  of  2  discontinuities  of  equal  magnitude  but  oppo¬ 
site  sign,  as  shown  on  figure  la.  The  width  of  the  bump 
is  3  pixels  its  magnitude  100  units.  Figure  lb  shows  the 
location  of  the  zero  crossings  as  a  function  of  <r,  the  space 
constant  of  the  LoG  mask,  and  it  exhibits  the  expected 
behavior  that  the  2  zero  crossings  “repel”  each  other  more 
and  more  as  a  increases.  Figure  lc  shows  the  effects  of 
our  correction  algorithm  for  increasing  values  of  The 
detected  width  is  constant  up  to  a  certain  value,  then  in¬ 
creases  with  a,  due  to  the  limits  on  the  spatial  frequency 
that  each  filter  can  resolve.  In  figures  Id  and  le,  we  show  a 
plot  of  the  difference  between  the  convolved  output  of  the 
true  bump  (width  =  3,  height  =  100)  and  the  estimated 
one  tor  values  ranging  between  zx  -  0.3  and  zx  +  0.3  for 
the  edge  location,  where  zx  is  the  true  position  of  the  edge, 
and  between  70  and  130  for  the  height.  For  a  =  1.4,  there 
appears  to  be  a  clear  “pit”  corresponding  to  the  correct 
values  of  width  and  height  of  the  bump.  But  for  a  =  6.0, 
the  pit  has  disappeared  and  is  replaced  by  a  gentle  slop¬ 
ing  ravine  line  showing  an  interpretation  of  the  signal  as 
a  lower  and  wider  bump.  Note  it  is  not  easy  to  relate  di¬ 
rectly  these  error  diagrams  to  our  iterative  scheme. 


5.2  Real  Images 

Figure  3a  shows  the  original  “cube”  image  of  size  375  x 
380  x  8bits.  Figure  3b  shows  the  zero-crossings  of  the  im¬ 
age  convolved  with  a  rotationally  symmetric  LoG  filter 
with  a  ~  4.0.  In  the  last  3  figures,  figures  3c,  3d,  and 
3e,  the  results  are  derived  from  first  processing  the  im¬ 
age  row-by-row,  which  is  now  a  1-dimensional  processing 
and  we  can  apply  our  algorithm  directly,  then  processing 
the  image  column-by-column,  finally  combining  the  results 
from  both  directions.  In  particular,  the  reconstructed  im¬ 
age  figure  3e  is  derived  by  averaging  the  row-by-row  and 
column- by-column  reconstructed  images.  Figure  3c  shows 
the  combination  of  the  zero-crossings  of  the  original  im¬ 
age  convolved  with  1-D  LoG  filter  with  a  =  4.0  in  the 
horizontal  and  vertical  directions.  Applying  our  algorithm 
to  refine  this  edge  information,  we  get  the  result  of  figure 
3d.  Note  that  there  some  significant  differences  between 
figure  3c  and  figure  3d:  In  figure  3d,  since  our  algorithm 
gets  more  accurate  edge  locations,  the  edges  derived  from 
two  directional  processes,  namely  row-by-row  and  column- 
by-column,  almost  coincide  each  other  perfectly  except  at 
the  bottom  right  of  the  cube,  because  these  edges  are  pro¬ 
nounced  ramp  edges  which  our  model  can  not  fit. 


We  now  show  the  other  possible  2-edges  pattern  which 
we  call  a  “staircase”.  It  is  a  succession  of  2  edges  of  the 
same  height  and  sign  separated  by  a  given  width  shown  in 
figure  2a.  In  some  range  of  <7,  this  pattern  generates  3  zero 
crossings,  the  middle  one  corresponding  to  an  inflection 
point  rather  than  a  real  edge.  We  presented  a  method  to 
detect  such  occurences  in  a  previous  paper  [Medioni86]  : 
for  inflection  points,  /'  X  /"'  >  0,  where  /'  and  {'"  are  the 
input  signal  convolved  with  the  first  and  the  third  deriva¬ 
tive  of  a  Gaussian  respectively.  It  happens,  however,  that 
some  valid  edges  are  discarded  by  this  method  when  a  is 
so  large  that  interaction  in  /  produces  the  wrong  sign. 
For  that  reason,  here,  we  prefer  not  to  use  this  test  and 
consider  all  zero  crossings  as  potential  edges. 

In  figure  2b  we  show  the  initial  zero-crossing  detection 
with  respect  to  different  level  of  a  ,  we  can  observe  3  ze- 
rocrossings  between  a  =  2.0  and  a  =  7.7,  the  one  in  the 
middle  is  exactly  the  inflection  p'  i.e.  a  zero-crossing 
which  does  not  correspond  to  an  edge.  Also  note  in  figure 
2b  that  before  it  goes  out  of  the  bound  of  resolving  two 
edges,  the  edges  start  to  interact  and  the  zero-crossing  lo¬ 
cations  become  closer  to  each  other  and  finally  becomes 
only  one  single  edge.  We  can  see  on  figure  2c  which  shows 
the  result  of  our  method  and  the  cancellation  of  the  edge 
interaction  effect.  Note  that  the  inflection  point  is  quite 
unstable  ,  actually  the  step  size  of  that  inflection  point  is 
becoming  relatively  small,  and  we  can  remove  it  by  simple 
thresholding.  In  figure  2d  we  apply  a  threhold  value  of  -1 
of  one  of  step  sizes  of  the  staircase,  and  we  get  a  clean  and 
accurate  locations  of  the  two  edges  before  it  goes  beyond 
resolution  (a  =  7,7). 


Figure  4a  and  figure  5a  are  two  slices  of  signals  ex¬ 
tracted  from  the  “cube”  image  shown  in  figure  3a.  Figure 
4a  is  taken  on  the  horizontal  direction,  figure  5a  on  the 
vertical.  The  reconstructed  signals  shown  in  figure  4b  and 
figu  e  5b  respectively  are  based  on  the  initial  zero-crossings 
of  the  original  signals  convolved  with  a  LoG  filter,  and  the 
step  si  res  from  the  original  signals  convolved  with  the  first 
derivative  of  a  Gaussian  mask  at  the  corresponding  zero¬ 
crossing  positions.  With  a  very  large  a  of  6.0,  we  can  see 
that  the  strong  interaction  of  edges  makes  not  only  the 
zero-crossing  positions  be  displaced  from  the  exact  edge 
locations,  but  also  the  step  sizes  be  distorted.  The  recon¬ 
structed  signals  after  our  iteration  scheme  are  shown  in 
figure  4c  and  figure  5c  respectively.  The  edges  are  those 
discontinuities  (or  “jumps”)  of  the  reconstructed  signals 
and  we  can  also  see  the  step  size  associated  with  each  edge. 
We  also  show  in  figure  4d  and  figure  5d  respectively  the 
edge  locations  as  the  iteration  progresses.  We  can  see  not 
'  nly  that  the  iteration  process  converges,  but  also  that 
most  of  the  edge  interaction  is  corrected  in  the  first  few 
iterations. 


5.3  Ideal  edges  in  noise 

In  figure  6a,  we  show  a  “bump  image”  of  size  200  x  200  x 
8bits  added  with  Gaussian  noise.  The  bump  width  is  5 
pixels  and  the  bump  height  is  100  units.  The  variance  of 
the  Gaussian  noise  is  20  units.  In  this  example,  we  only 
process  the  image  in  row  by  row,  and  each  row  of  the  im¬ 
age  is  processed  independently  by  a  ID  process.  By  using 
a  of  7.0,  the  reconstructed  image  shown  in  figure  6b  is  ob¬ 
tained  without  iteration.  Since  we  are  applying  a  large  a, 
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the  reronstruted  bump  width  is  much  wader  than  the  orig¬ 
inal  one.  In  figure  6c,  we  show  the  reconstructed  image 
obtained  by  our  method.  We  can  see  the  reconstructed 
bump  width  is  very  consistent  to  the  original  bump  width 
as  a  result  of  accurate  edge  detection. 

In  figures  7a  and  8a,  we  show  two  horizontal  slices  ex¬ 
tracted  from  figure  6a.  The  reconstructed  signals  without 
iteration  are  shown  in  figures  7b  and  8b  respectively.  And 
the  reconstructed  signals  by  our  method  are  shown  in  fig¬ 
ures  7c  and  8c  respectively. 

6  Conclusions  and  Future 
Research 

In  this  paper  we  have  presented  a  technique  to  refine 
edge  positions  after  the  detection  of  the  zero-crossings  of 
the  original  signal  convolved  with  a  LoG  filter.  We  also 
estimate  the  magnitude  and  the  sign  of  the  step  sizes  mod¬ 
elling  the  edges  which  enables  us  to  approximate  and  re¬ 
construct  the  original  signal.  The  spectacular  results  show 
that  our  algorithm  works  very  well  not  only  on  some  ideal 
signals,  but  also  on  real  image  data.  We  have  shown  the 
efficiency  of  our  algorithm  and  outlined  the  feasible  par¬ 
allelism.  We  have  also  shown  the  well-behavior  of  our 
method  from  its  stability  and  convergent  properties. 

In  section  4.3  we  discussed  the  limitations  of  our  method, 
including  the  issue  of  the  over-simplified  model  and  the  is¬ 
sue  of  resolution.  Even  though  vve  get  very  good  results 
using  a  very  simple  edge  model,  namely  the  ideal  step  edge 
model,  we  believe  better  results  can  be  obtain  through  the 
use  of  a  more  general  model.  We  also  think  that  there  exist 
faster  and  more  efficent  ways  to  solve  the  system  of  equa¬ 
tions  and  to  improve  the  convergence  rate.  To  combine  the 
information  from  different  scales,  i.e.  using  different  <r’s, 
is  another  feasible  solution  for  compensating  the  defect  of 
our  model,  and  furthermore,  to  resolve  the  problem  of  res¬ 
olution. 

Most  important  of  all,  to  make  our  method  really  use¬ 
ful,  we  must  generalize  the  algorithm  to  2-dimension.  On 
the  subject  of  multiple  scales  processing,  we  relieve  that 
our  method  provides  a  simple  mechanism  to  established 
correspondences  between  different  scales,  as  the  position 
of  edges  are  not  affected  by  the  values  of  a,  unless  there  is 
a  change  of  interpretation. 

We  have  shown,  in  the  previous  section,  good  results 
of  the  processing  of  an  image  by  using  2  one-dimensional 
filters,  and  this  might  be  a  feasible  approach.  We  also 
intend  to  establish  the  correct  formulation  in  2-D,  even 
though  the  solution  might  involve  more  complex  methods. 
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Figure  1:  The  “bump” 
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(a)  Original  signal 


(b)  Reconstructed  signal  before  iteration 
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(c)  Reconstructed  signal  by  our  method 


(d)  Edge  locations  as  iteration  progresses 


Figure  5: 


A  horizontal  slice  of  the  “cube”  ir 
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